MULTI-SPECTRAL AND FLUORESCENCE DIFFUSE
OPTICAL TOMOGRAPHY OF BREAST CANCER

Alper Corlu
A Dissertation

in

Physics and Astronomy

Presented to the Faculties of the University of Pennsylvania in Partial

Ful llment of the Requirements for the Degree of Doctor of Philosophy

2007

Arjun G. Yodh

Supervisor of Dissertation

Ravi K. Sheth

Graduate Group Chairperson



¢ Copyright 2007

by

Alper Corlu



Dedication

To Mom and Dad



Acknowledgements

It has been a great experience to work in Arjun Yodh's lab, and nsedtesay this work would
be impossible to complete without the guidance and help of my advisor Arjun, laibers and
collaborators.

| rst got in touch with Arjun through email as | was searching for Ph.Dograms in US.
| asked for some information and papers he would recommend to gain morétiasigut his
research. A collection of his recent papers in a folder of about 2" tieisk | received in the
mail was certainly a sign of Arjun's scienti ¢ enthusiasm and his big groupvas honored to
be accepted in his Biomedical research group. Arjun has providedas lgegning track for me.
Starting with small projects we have started research pushing the limits ofaliffotics. | owe
this to Arjun's critical thinking. His constructive criticism helped me to improve mgsgntation
skills and thought me to write scienti ¢ papers and grants. He was veryrataaaling and always
very helpful.

Members of Arjun's lab have provided a great research environmemtary friendly atmo-
sphere. Especially Turgut Durduran and Regine Choe were like desmbwrisors to me. | owe
countless things to them: fundamentals of diffuse optics, theoretical aretimgntal methods,
presentation and writing skills. They were always there (except luredids) on the third oor of
LRSM, whenever | needed helped on research or any other pémotdem. Their contribution
to this work is beyond the scope of this work. Turgut and | have beerhberg for a while. This
gave me a chance to continue bugging Turgut outside the of ce in his heluisee | was greeted
with Eylem's wonderful hospitality, great food and her cats.

There is one person | have to single out in our group: Jonathan Fislechas been a great

colleague and a friend since the beginning of grad school. Certainly veedii@red a lot of things

iv



apart from the of ce space. Stressful moments were one of them, aadly appreciate Jonathan's
morale support and his optimistic approach. Being in the same lab with Jona#isaa gveat joy.

| admire his sense of humor and “not forgetting” the “Fez Tuesday”.

| have spent my rst year in Arjun's lab under the guidance of Dr. Jaan@narco. He
mentored me for the computational projects and thought a great deal ofutemgwding and
algorithms. He was very helpful and patient with my frequent questionig the code etc.
Kijoon Lee has been very helpful over the years. | enjoyed and admmisedhy of teaching dif cult
concepts in a very understandable manner. He has provided greét iosithe fundamentals of
optics and computation. | am thankful to Guogiang Yu, Ulas Sunar, Chaa Zhd Hsing-Wen
Wang for their help on instrumentation. Ulas, Turgut and | formed the Thrt@gnmunity of the
lab and together we have excelled in “foosball”. Monika Grosicka-K@phas been a very good
friend. Her hard-work and dedication in patient recruitment procestribated greatly to this
work. Soren Konecky and David Busch are among the members of ourdabdkie helped me
over the years. Xiaoman Xing, Han Ban, Erin Buckley and Meeri Kim @& members of our

lab. I am thankful to them for their support.

I am also thankful to Arjun's assistant Glenn Fechner. He was very &itbhelpful. Among
many members of the other side of Arjun's lab, | am grateful to Ahmed AlsapeldDaniel Chen

for their help and friendship.

Dr. Simon Arridge and Dr. Martin Schweiger were our overseas coli&brs in University
of College London. | have enjoyed working them and am very thankfttémn for their hospi-
tality during my stay in London. | have learned a lot while working on their imagemstruction

software TOAST.

Non of these would be possible without the support of my family. | can notess my thanks



to my mother Fehime Corlu, and my father Suphi Corlu. They have doneoé $aicri ce for my
education. My sister Aysenur Corlu was more then a sister to me. Shesbasniy roommate
for my last two years at Penn. Her support and help were continuouailalble whether at the
kitchen or atthe® oor of LRSM. My wife Canan and | have met two years ago at her gedidn
ceremony. In my graduation we have been married for one year alreadyilMhally be together
in Pittsburgh at Tepper and maybe graduate together this time. | feel végytmbe with Canan

and | am very excited as we are preparing to spend the rest of outdigether.

Vi



Abstract

Multi-spectral and Fluorescence Diffuse Optical Tomography of Breast

Cancer

Alper Corlu

Arjun G. Yodh

Multi-spectral and uorescence diffuse optical tomography (DOT) téghes are explored and
applied to image human breast cangerivo. Image reconstruction algorithms that utilize rst
and second order gradient information are described in detail. Br&aBtr8quires large compu-
tational memory and long run times. To this end, parallel computation technicgresdeveloped

appropriate to each reconstruction algorithm.

A parallel plate DOT instrument developed for breast cancer imaging ¢sided. The system
relies heavily on continuous-wave (CW) transmission measurements andsufittzgiency do-
main (FD) measurements on the reemission side. However, traditional DOT ie@mgestruction
methods based on CW measurements fail to separate tissue absorptioatsrthgauniquely. In
this manuscript, multi-spectral DOT is shown to be capable of minimizing crossdtdlketrieving
spectral parameters almost uniquely when the measurement wavelergbipsiiized. A theoret-
ical framework to select optimum wavelengths is provided, and tested withutemgmulations.
Results from phantom spectroscopy experimentsiandvo patient measurements support the
notion that multi-spectral methods are superior to traditional DOT image reaotisn schemes.

The same breast DOT instrument is improved and utilized to obtain thén rét/o images of

human breast cancer based on uorescence DOT (FDOT). To thithendorophore Indocyanine

Vii



Green (ICG) is injected intravenously and uorescence excitation atettien are accomplished

in the soft-compression, parallel-plane, transmission geometry using tagees at 786 nm and
spectrally Itered CCD detection. Careful phantom andvivo measurements are carried on to
assure that the signals are due to ICG uorescence, rather than tissugoagiscence and exci-
tation light leakage. Ann vivo measurement protocol is designed to maximize the ICG contrast
by acquiring full uorescence tomographic scan during the tail of ICG terapdecay curve. The
image reconstruction method used to obtain 3D contrast image of ICG caatiemis described.
Intrinsic and uorescence contrast images of three cancer patienpsesented, and it is found that
tumor-to-normal tissue contrast based on ICG uorescence is twotteffdd higher than contrast

based on hemoglobin and scattering parameters.
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Chapter 1

Introduction

The primary interest of the work in this thesis is to use light propagation in tissudiagnostic
medical purposes. Utilization of light to probe tissue started as early aswli#28imple shadow
or transillumination images of breast tumors [34] obtained by shining a ashiigbugh breast
tissue. The concept, known also as diaphanography, producdblaeesults and was discarded.
In the late 1970s and 1980s, however, optical imaging started gainindgpitypagain as a better
understanding of light propagation in tissue started to develope. Jopsidae the spectral win-
dow in the near-infrared (see Figure 1.1 (a)) where the absorptiatshnissue hemoglobins and
water permitted light penetration into deep tissue [64]. Later, a formalism farpigppagation was
established with models demonstrating that light distribution in tissue can be vpethamated
with diffusion equation [97]. With the advent of new lasers, light detecintsfast computers, light
diffusion was utilized for spectroscopy and tomography of various tisence the eld of diffuse
optical tomography (DOT) was born [127,128]. DOT has found adbraage of applications, for
example, in optical breast imaging [22, 28, 32,41, 82, 85, 103, 1uBttional brain spectroscopy

and imaging [18, 33,56, 102, 127], exercise medicine [12, 24, 93,d8 photodynamic therapy



monitoring [119, 122].

Three main measurement schemes are used. (1) Time domain (TRS) methodsathutimén
tissue with a picosecond or femtosecond laser pulse and detects thertedausse exiting the
tissue surface. This time-domain (TD) method provides the richest informadittent per source-
detector pair [13,62,86,110]. (2) In frequency domain (FD) measents an intensity modulated
light source illuminates the tissue, and the amplitude and phase of the detectedasa used
to derive tissue optical absorptiony) and scattering ©) properties [23, 82,91, 126]. (3)The
continuous-wave (CW) method provides only the signal amplitude, hovitegehe simplest and
least expensive of the three schemes, and it provides the fastesbtiattian [32,63,111]. Nev-
ertheless, widespread application of the CW method for DOT has beewwersial. For example,
it has been theoretically demonstrated that CW measurements lack the capalsiipatate ab-
sorption from scattering in the DOT image reconstruction [5]. On the othed,lsme researchers
have shown this non-uniqueness problem of CW imaging can be minimizedythprecondi-
tioning and regularization techniques [51, 99, 111, 125]. We have taldifferent approach to
the non-uniqueness problem: the multi-spectral method. Part of this thedisdescribes the

multi-spectral constraints and discusses possible solutions to the norenegguproblem.

Figure 1.1 (a) displays the absorption spectra of primary tissue compori@etseduced scat-
tering coef cient of tissue as shown in Figure 1.1 (b) is often assumed ¢y abMie-scattering
power law (see Section 2.2) and is two orders of magnitude larger thangbepéibn coef cient.
Concentrations of physiologically important tissue components such aBarpglobin, deoxy-
hemoglobin, water and lipid are derived from the inversion of measurena¢rdsveral wave-

lengths (). This inversion can be carried out in two different ways. Until recetily commonly
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Figure 1.1: (a) Absorption Spectra of the primary tissue constituents. €buded scattering
coef cient of tissue is assumed to obey a simpli ed Mie-scattering law, ig5 A .



employed inverse methods calculated light absorption and scattering eoe§@t the measure-
ment wavelengths sequentially, and then decomposed the absorption dataritributions of
various tissue chromophores and scattering components. In this wogtgaent a new approach
for extracting these tissue components. The multi-spectral method, directigsteucts the tis-
sue chromophore concentrations and Mie scattering factors by exploigngatipriori spectral
properties [29, 31,41, 55, 75]. This new set of reconstructedbasas wavelength independent,
hence data from all measurement wavelengths may be used simultaneowstofestruction. Our
approach effectively reduces the number of unknowns and predubetter constrained inverse
problem. We have recently shown that thigriori spectral technique helps to overcome the non-

uniqueness problem associated with CW imaging [29, 31].

Without loss of generality, the multi-spectral model and various computatioals explored
in this thesis work were mainly geared towards improving DOT for breasterafiBreast cancer
imaging is potentially useful for early detection and therapy monitoring. Xanaynmography,
palpation and biopsy are the primary clinical methods currently used intloaaser screening
and diagnosis. Other imaging modalities include magnetic resonance imaging, (NtRisound,
positron emission tomography (PET). The various methods have all dewrealstome degree
of success [46, 69]. Nevertheless, although the sensitivity of mammuogegpears to be greater
than 80% in women over 50 (less for younger woman) [68,107], thet#l iseed to detect cancers
earlier for treatment [21], and to detect cancers missed by mammograptB0]1 DOT provides
better access to physiological function such as hemodynamics and wdtéipidncontent. In
the case of tumors, abnormal metabolic rates can be accompanied by @asénofeasculaturity
and a change in tissue oxygen content. The ability to quantify hemodynarabs; and lipid

content hold potential to enable DOT to distinguish between benign and mdlignaors, as well

4



as to predict responses to various cancer treatments [28]. To this enedinbour laboratories, a
3D DOT instrument suited for breast cancer imagimgivo has been under development. The
rst generation instrument was used to assess the average bulk optpairfies of healthy breast
tissue [41] and the second generation instrument has been utilized for hgraf healthy and
tumor bearing human breasts. 3D imaging capabilities of the second genénatroment, based
on endogenous contrast, have been demonstrated previously withipisaarid in human subjects

[28,32].

Furthermore, agreement with MRI in a case study of locally advancedtbcaacer during
neoadjuvant chemotherapy treatment has validated the potential of this BtInment for breast

cancer imaging [28].

In addition to the endogenous tissue contrast such as oxy- and deaxygtobin (HbQ,
HbR), water and lipid, exogenous molecular agents such as Indocyangen (ICG) have also
been used in diffuse optical imaging simplyassorbing[61, 90]. In this thesis we demonstrate
in vivo uorescencdliffuse optical tomography (FDOT) in the human breast, reconstructing 3D
tomographic maps of the tissue uorophore distributinrvivo. Three cancer cases are analyzed
wherein tumors exhibit uorescence contrast up to four-fold highen tbaresponding endoge-

nous optical contrast derived using the same apparatus.

Multi-Spectral DOT image reconstruction with emphasis on non-uniquemebéem andin
vivo FDOT of breast cancer in humans constitute the main contribution of this viikpter 2
describes image reconstruction algorithms suited for the multi-spectral mauelinge recon-
struction is treated as an optimization problem and two different inversers@xe discussed, i.e.,
Gradient-based and Jacobian solvers. Gradient-based solvers uglizsttbrder approximation

of the objective function and do not require a memory expensive weigtibendacobian solvers,

5



on the other hand, converge faster using the second order terms injotivabfunction at the
expense of memory usage. DOT image reconstruction in general is anélitposblem therefore
regularization is an important component part of the solution. To this enik ylaescribe reg-
ularization methods applied in breast DOT in Section 2.3.4. In order to gagdsp®l memory,
inversion algorithms such as the Nonlinear CG and Gauss-Newton metleon®dr ed to work

in a parallel computing framework in Section 2.3.6.

A brief overview of the instrumentation is provided in Chapter 3. The primastriment is
the breast DOT setup that has been utilized to image endogenous ant@xegeiorescence)
optical properties of healthy and patient breasts. The subject lies ie pasition with her breasts
suspended between two parallel plates. On one side of the plate, 48 doers arranged on a 9

5 grid sequentially illuminate with intensity modulated light at four different wavgiles. FD
detection is accomplished using 9 detector bers on the source plate andafi\'sdmeasured
with a charge coupled device (CCD) on the transmission side. The secstnahient described
in Chapter 3 is a broadband spectroscopy device utilized for validating theamess conjectures

outlined in Chapter 4 with phantom experiments.

The photon diffusion equation approximates light propagation in turbid mediadbon the
estimates of light absorption and scattering coef cients of the medium. Unigqueeey of these
coef cients from measurements on the sample surface, however, ierhand depends on the
information content of the measurements. Chapter 4 starts with introducingtheniqueness
problem associated with CW data, originally as proposed by Arridge amthegrt [5]. The prob-
lem is then formulated in the multi-spectral framework that allows us to use nezasnts at all
wavelengths simultaneously in a single inversion. The conditions and watletethat enable

unique recovery of absorption and scattering parameters in the multi-apeciel are discussed

6



and are validated with simulation and phantom experiments.

Chapter 5 describes uorescence diffuse optical tomography (FRPpled to human breast
cancerin vivo. Fluorescence signal detected by the lter-coupled CCD camera framtpms
andin vivo human breast demonstrate that the signal is due to the uorophore (EZ&rrthen
excitation light leakage and auto uorescence. DOT and FDOT resultsex fratient cases are pre-
sented. We have observed greater tumor to normal contrast with usresamaging. This proof
of concept study has shown that FDOT of breast caimceivo is possible providing enhanced op-
tical contrast. The FDOT approach promises better sensitivity and sftga@smolecular beacons

and targeted dyes become available for future clinical use.



Chapter 2

Multi-Spectral Diffuse Optical

Tomography

2.1 Introduction

In this chapter, | describe the image reconstruction techniques suited to prdtral DOT. DOT
image reconstruction in general can be divided into two sub-problemsioflard problem (Sec-
tion 2.2) deals with solving photon diffusion equation for light uence ratériigtion on the tissue
surface for given light source, and tissue absorption and scattesinagneters. The inverse prob-
lem (Section 2.3) starts with an initial estimate of these optical parameters canipaui@mputed
uence rate (i.e. the outcome of the Forward Problem) with experimentally medgslata and
updates the initial estimate iteratively until an acceptable match between compdtettasured
uence data is reached.

The inverse problem Section, 2.3, describes 3D image reconstruction in pedtiral DOT.

Two general solution approaches are provided: Non-Linear Cotggadient and Gauss-Newton.

8



In both cases, it is possible to parallelize image reconstrution and parallelizitibe inverse
solvers are discussed in a Message Passing Interface (MPI) fraknien®ection 2.3.6.

Regularization is an important aspect of ill-posed inverse problems. Deitagrtime right
amount of regularization can be a long iterative process, howevelopevguided regularization
discussed in Section 2.3.4 provides a way to minimize the number of regulariréisn

The following algorithms are utilized in the TOAST (Time-Resolved Optical Apson and
Scattering Tomography) software package developed by Dr. Arridg®a Schweiger at the Uni-
versity College London (UCL). The software package was extendedtoporate multi-spectral

model here at the University of Pennsylvania in collaboration with the U@L gy

2.2 Forward problem

Light transport in tissue is well approximated as a diffusion processruediain conditions [127].
In the forward problem we are interested in calculating the light uence fate[W/m?], given
some set of tissue optical properties. The photon diffusion equation inggaency domain is
used for this purpose, i.e.,

il

r D(r; )r + (r; )+ 7 (r;;t )= ofr; ;! ) (2.2)

Here isthe measurement wavelengthis the source modulation frequeneyis the speed of light

in the medium (assumed to be known),( ) is the absorption coef cientD ( ) is the diffusion
coef cient approximately given in terms of reduced scattering coef tie}( ) as1=3 ?) [42,

43], andop( ;! ) [W/m?3] is the source term. For the solution of Eg. (2.1) we employ the Robin-

type boundary condition



D()

( )+ nr()=0; (2.2)

where is a point on the measurement boundd@ris the outer normal at, and is related to the
refractive index mismatch at the boundary [112]. The measurable quéhgtexitance)( ) is

the normal component of the photon ux

()=n[DC0) ()L (2.3)

and in the case of Robin boundary condition Eq. (2.2), it simpli es to

()= () (2.4)

Tissue optical propertiesa( ) and 9( ) must be known in order to solve the forward problem
Eq. (2.1). The multi-spectral model is based on the known wavelengtmdepee of tissue
parameters such as chromophore concentrattin¥he mapping from concentrations of tHe
chromophoreC, to 4( ) is made using the known absorption extinction coef ciept, ), of the

I'" chromophore, i.e.

X
a( )= ()G (2.5)

1=1
Here we assumk total chromophores contribute to the absorption at wavelength

The spectral relation for scattering is based on Mie-scattering theorg314.e.,

9= a2 %nm)® o (2.6)

10



wherea is proportional to the density of the scattering centéis,the radius of the scatterers, and
Nm is the index of refraction of the medium. The valuebofaries between 0.37 to 4 as the radius
of scatterers changes from in to 0.05 m [83]. Here the scattering centers in tissue are assumed
as homogeneous dielectric spheres wherein the incoming electromagnetis taken as a plane
wave.

Throughout the rest of this manuscript we will use a simpli ed form of Boura(2.6):

)=A b (2.7)

with the scattering prefactoh and scattering powdn, A andb are related to the size, index
of refraction and concentration of scatterers in tissue as well as the ofdefraction of the
surrounding medium as suggested by Equation (2.6).

Given some initial distribution o€;; A andb in tissue, equations (2.5) and (2.7) can be used
to obtain 4( ) and J( ). Once the mapping to optical parameters is done, the diffusion equation

can be solved for the calculated uence rate,using analytical or numerical methods.

2.2.1 Semi-in nite approximation

A commonly employed analytical solution of the diffusion equation assumes thadifftuse
medium is homogenous, occupying a semi-in nite half-space. This is amabkpapproximation
when the optodes are placed in a re ection geometry away from the bdead@he extrapolated
boundary condition is used where the uence rate is set to zero at ackstign D= outside the
medium. The extrapolation distanggis derived from Equation 2.2 assumingis linear around
the boundaries.

Figure 2.1 illustrates the measurement scheme where an isotropic poirg soarits mirror

11
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z=0
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Figure 2.1: Placement of detector, source and image source in a semi-imed&im.

source is shown. A collimated source can be approximated as an isotropicsparce placed
z, = 1= { inside the medium. Its mirror source is a negative source of equal strefegidp
Zo+2 zp above the medium in order to satisfy the boundary conditions. The soluttoe dfffusion

equation at the detector positions ) is the combination of in nite Green functions of the isotropic

source and its negative mirror image [17]:

0  exp(ikri)  exp(ikr )

(,2)= o) o = ; (2.8)
where
_ atil=v 4o
k = (?) ; (2.9)
o= ( 2+(z z0)%)%% (2.10)
ro = ( 2+(z+ z0+22,)%)¥? (2.11)

2.2.2 Finite Element Implementation

Here | brie y formulate the solution to photon diffusion equation in the nite elet@E) frame-

work. For a detailed description see [7].
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In the nite element method (FEM), the solution domairwith boundary@ is divided into
subdomains known asite elementg[74]. The elements form a mesh that can be generated for
complex geometries with inhomogeneous element densities. Therefore FEMeguanti cation
of light distribution for curved tissue boundaries as well as reconstruofioptical properties in

pre- or dynamically selected regions with higher spatial sensitivity.

The diffusion equation can be expressed as an opdrageoting on ( r):

L ()= oo(r) (2.12)

whereL = r D( )r + 4( )+ i'=v.The FEM solution( r) to photon diffusion equation is
an approximate solution"(r) expressed in terms of basis functiangr) from a U-dimensional

subspace,

A X
(r) = juj (r): (2.13)
j

Typically in our 2D and 3D image reconstructions, we use piecewise linegs fimctions with

triangle and tetrahedral elements, respectively [74].

The residual resulting from this approximation can be de ned as

L "r) o) (2.14)

I
%

Riu;j(r): (2.15)

The goal is to choosej's in Equation 2.13 to minimiz&k. Following Galerkin formulation
[7, 74], we try to minimizeR by requiringR to be orthogonal tay; for alli = 1:::U. The

expansion | display in Equation 2.15 can be used to demonstrate the ordibgoandition, since
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the basis components Bf found by the inner produd®; = hu; j Ri will be set to 0 by requiring

orthogonality. In this case the FEM formulation gives a series of equations:

z

hu; j Ri ui(r)R(r)=0; (2.16)

z

ui(r)(L "(r) (r))=0 foralli=:::U: (2.17)

SubstitutingL and integrating by parts, Equation 2.17 can be expressed in terms of optical

parameters [7]

Z n . Z
D()rui(r) r "(r) + ( a(r)+ %)ui(r) "(r) d+ o ui(r) ( r) d(@
Z
= ui(r)go(r) d ; foreachi =1:::U: (2.18)

Finally, in order to assess the coef cientg's, we substitute h(r) in Equation 2.13 to Equa-
tion 2.18, and express the above set of equalities (Eq. 2.18) as systeitemafrsizel U
as [8]

(K(D)+ C( )+ ' B+ A)= Q; (2.19)

here™ andQ are FEM basis expansion coef cient vectors forr) andgy(r), respectively. Each
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system matrix have the following form:

Ki = i D(N)r wi(r) 1 u(r)d ; (2.20)
Cj = ’ a(Nui(r)u;(rd ; (2.21)
B = iz MOTTOLE (2.22)
Aj = Z@ ui(rjuj (Nd(@ ; (2.23)

The resulting Equation 2.19 can be inverted using direct solvers sudiodessRy factorization,
LU Decomposition or iterative solvers like Conjugate-Gradient, GeneraliZi@imal Residual

Method (GMRES).

2.3 Inverse problem

In this section the inverse problem is reformulated appropriate to the multirap@odel, focusing
on nonlinear methods. Numerical Optimization by J. Nocedal [65] presegu®@ overview on
general optimization techniques. As for DOT, | have essentially followedtitks of Arridge and

Schweiger [8,113].

The traditional DOT inverse problem deals with reconstructigg ) and J( ) images for
each measurement wavelengthThese parameters are then converted i@ andbimages using
equations (2.5) and (2.7). In the multi-spectral imaging approach, theigt@ldirectly obtain
Ci; A andb which are wavelength independent, and therefore it is possible to utilizeatath

wavelengths simultaneously in a single inversion routine. Hereafteepresents the spatially
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variant parameter§,(r), A (r) andb(r) sampled at a basis of sikz
X=[Cp1:::Crp:::CLp A1::IAP bl:::bp]T (2.24)

The total number of elementB{ot) in vectorx depends on how many absorption and scattering
parameters are reconstructed. For example, in a reconstruction whasautions fot. absorption
chromophores, scattering prefactrand scattering powds are soughtProt will be equal to

(L+2) P.

We approach the DOT image reconstruction as an optimization problem wieeselthion

is found by minimizing an objective function, i.e.,
R =arg m)i(n ( x); (2.25)

where the objective functiorf x) consists of a data mistmatch and a regularization term:

I 6 X

= 5 (Msm( n) F sm(a)*+ RO); (2.26)
n=1 s=1 m=1
= %yTy + R(X): (2.27)

HereN is the total number of measurement wavelengihis, the total number of sources ahti;

is the number of detectors linked to sousaesulting in a number of measurements per wavelength
M = P le M s with total number of measurememfsror = N M .M gm( n) andFsm( n)
denote natural logarithm of the measured and computed exitance on thebtisswgkary for source

s and detectom at wavelength , i.e., Fsm = In( sm). denotes the contribution of the
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regularization functionaR (x) to the data mismatcty is the residual data vector of sidérot

with elementy; = (M F ).

Figure 2.2 provides a general owchart for image reconstruction dlgos discussed in this
chapter. The inversion process starts with an initial estimatand generates updateg until a
suf cient decrease in the objective function is obtained or a certain nuoflirations is reached.

In order to move from the current iteratg to xx+1 , we follow the line search strategy:

min ( Xk + Ppk): (2.28)

The goal here is to determine a step lengttihat provides suf cient decrease in along the
search directiopy. The line search routine is explained in detail in Section 2.3.5. We now focus
on nding a descent search direction. Consider the Taylor's expansio( xx + pg) up to

second order,

1
(xk+ px)  (x)+ per ( xe)+ > Zprr 2 ( Xk)pk: (2.29)

Based on the above relation, in the next two sections we will present twoeshior the search
directionpy: Non-linear Conjugate Gradient and Gauss-Newton, that involve mst second

order derivatives of the objective function, respectively.
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Figure 2.2: General Reconstruction Flowchart.
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2.3.1 Nonlinear Conjugate Gradient Method

Equation 2.29 provides the rate of change imlong the unit directiop (kpk = 1), that is up to

rst order:

( X+ p) ( X) Tr (230)

kr  kcos() (2.31)

Here isthe angle between theeandr

According to Equation 2.31, whetos() is -1 ( = radians) a maximum decrease in
will be obtained. The trivial choice fop that satis es the conditions = andkpk = 1 is
p=r =kr k. Note that the normalization factkr k can be embedded in the step size for
simpli cation. The line search method that uses r as its search direction for some step
length is known as the steepest descent method. One attractive feature ofapesstdescent
method is its simplicity, i.e., it only requires the rst derivative of However, it can take forever

to converge to the solution for ill-conditioned problems [65].

Alternative methods exist that choose search directions close to butauthyesteepest descent.
One of these techniques is the conjugate gradient (CG) method. It wadeveloped for linear
systems of equations and later on adapted to nonlinear optimization problems.weldrie y
state the algorithm and refer the details to the reference [65].

The conjugate gradient algorithm generates conjugate search direittaansovide conver-
gence in at mosh number of steps for a system nf n linear equations. The initial search
directionpg is set to steepest descent direction and the followipyg are a linear combination

of the current descent ¢ and the previous search vecimy ;. The algorithm for nonlinear
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Table 2.1: Non-linear CG algorithm.

Givenxo;
Compute ¢andr g;
Setpg=r ook O
loop
Compute ¢ (Line Search) and s&fx+1 = Xk + kPk;
Computer 41
PR Fogal kel
k#l T v,
Pke1 T kel ¥ P
k k+1;
while % < ork < Max Number of Iterations

CG [65] is outlined in Table 2.1. The facto fi assures thaby+1 will be conjugate to vectors

We typically set the stoping criteriato 10 ° and iterate maximum 30 times in 3D breast imaging

applications.

The step length is computed in the line search routine explained in detail in Section 2.3.5.
| now describe the derivation of the derivative . Letx; (i = 1 :::Ptot) denote the value of
an absorption chromophore or scattering parameter at some spatiapinfiéxe basis of siz&

(p=1:::P). The rstorder derivative of with respect t; is

@ X X X @ sm( n)
(M S:m( n) F S:m( n))( T

¥ _ )+ RYx): (2.32)
@X n=1 s=1 m=1
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For regularization functional term and its derivative¥x;) see Section 2.3.4. The uence rate
derivatives can be related to derivatives with respect to absorptibadaaitering via the chain rule

for variants ofx;:

8
@a( ) @sm () @sm () R = th 4;
% 06, @ap() - () @y () if Xi = Cy;p (I" tissue chromophore)
@sm( ) @0
- = -’ = () @sm () — bp@s;m() H - P
@x % oA @0 ()" @%,0) if Xj = Ay (scattering prefactor)
@8 @s;m —_ @:sm H - H
@(p) @ﬁs,(m% = Ay PIn()g g ; if X; = b, (scattering power),
(2.33)
where the following Fechet derivatives [3]
@S'm 1 +
o= = G (rpir rp;ts) and 2.34
1
Fsm _ 3D(rp)2————1 G (rpirm) 1 ( rpirs) (2.35)
@S(p) ( rm1rs)

are given by Rytov approximation witB* (rp; rm) being the adjoint Green function at basis point
rp for detector locatiom, [4,92]. The adjoint Green function is the solution to adjoint diffusion

equation with delta function source term:

ro D()r + L) % G*(r;rm) (r rm); (2.36)

L*G*(r;rm) Mm): (2.37)

1
~~
-
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The computational load of the Nonlinear CG algorithm is two-fold. First, fahdgeration,
line search (see Section 2.3.5) will need several objective valjedlculations (Eq. 2.26) which
require the inversion of the FEM system matrix (Eq. 2.39)mes per wavelength, i.eS forward

solutions per measurement wavelength.

Second, at each iteration, the gradient calculation in Equation 2.32 waulole&+max( M s)
forward solutions per wavelength if we were to comp@te(r; rm) for each detector. However,
since we are interested in a weighted sum rather than indivudual adjdds, gradient can be
computed with fewer forward solutions [8]. Consider the rst term on figatrhand side of the

equality in Equation 2.32:

¥ Ns @Fsm( )
o (Msm F sm) ( @7}()
" #
>@ XIS M s;m F s;m +
= I( ) o ( rp;rs) - ((’rm’rs)’)G (rp;rm) , (238)
X
= () (rp;rs) (rpirs); (2.39)
s=1
where we de ned
XIS M s,m F s,;m +
(rp;rs) = L ((rmrS))G (rp;tm): (2.40)

For simplicity | have excluded the summation over wavelengths and assumedq that;,,
It tissue chromophore. Notice tharp; rs) in Equation 2.40 is the solution to adjoint diffusion

equation 2.36 with some weighted source terfry; rs), i.e. applying the adjoint operatar” to
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and using Equation 2.37 yields,

X (Msm F sm)

Lt = - WL+G+(rp;rm); (2.41)
— Xs (M s:m F s;m) .
Co Crmirs) ("o Fm); (2.42)
= Ueire) (2.43)

Hence after computind rs) for each source position, Equation 2.43 can be solved (fioy; rs)

with the source term(rp;rs). This reduces the number of forward solutions per wavelength re-
quired to compute the gradient in Equation 2.32 frf6m max(Mg) to2 S, i.e., two forward
solution per sourcg rp;rs) and (rp;rs). Note that typically there will be more detectors than
sources especially in a charge coupled device (CCD) based deteatioexdmple our 3D optical
breast imaging instrument (see Chapter 3) utili@es 45 sources anthax(Ms) = 900 measure-
ments. After solving Equation 2.43, gradients with respect to scatteringnpseesA andb can

computed similarly using (rp;rs).

The search direction computed in the Nonlinear CG algorithm does not eemjoiatrix inver-
sion as in the Gauss-Newton framework described in the next sectiomefdreit is especially
useful for systems with large number of source-detector pairs and dlacgastruction domains
wherein building and inverting the Jacobian matrix can be computationally difand even im-

possible due to memory limitations.
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2.3.2 Gauss-Newton Method

Consider Equation 2.29 with = 1. A quadratic modef (p) can be de ned as a function of the

search directiomp,

1
fr(P)= k+p'r K+ épTr 2 p: (2.44)

fx(p) can be minimized by settingf, = 0, which results in

= K (2.45)

p{}' is known as the Newton direction. In most cases unit step lengthl is used in the
Newton method. Gauss-Newton method is the modi cation of Newton's method wélskarch,
i.e., isupdated iteratively [65] . Unlike Equation 2.45, Gauss-Newton directoms chot use the
explicit form of the Hessiam 2 of the objective function, but rather uses an approximation as

given in the following explicit formulation [65].

Jacobian of the residual data vecyofsee Eq. 2.27) is de ned ddto1r ProT matrix of

rst partial derivatives ofy, i.e.,

R gi (2.46)
- @ )
@X j=1:2::M 101 ( 47)

i=1;2::5P 101

The derivatives of can be described in terms of the Jacobiay @nd the derivatives of the
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regularization functional:

Mycot
roo= Yi)ryj(x)+ RAx)=J3Ty+ RYx) (2.48)
j=1
Mycot Myor
r2 = ry()ry(x)" + yi 0Or 2y (x)+ R%x)
i=1 j=1
Mytor
= J(x)TI(x)+ yi (X)r 2y (x)+ R%x) (2.49)

j=1

The regularization derivatives are provided in Section 2.3.4. In the<Sda&/ton method the
second term in Equation 2.49 is excluded fromd . This is possible when the residugisare
small or wherkr 2y;k are small, i.e., residuals are nearly linear functions. Gauss-Newtorhsearc
directionp®N is found by substituting the simpli ed form of the Hessian and (Equation 2.48)

to Equation 2.45:

I3+ R%xy)) peN

ey + RAxk)) (2.50)

Hi pt Ok; (2.51)

whereH = J]Jx + R%xy)andgy = (Ify+ RUxy)).

The storage and inversion of the approximate Heddiaran be computationaly expensive and
sometimes impossible for large-scale problems. However, iterative solwees lon Krylov-space
methods such as GMRES [109] that require only matrix vector multiplicationeeased to solve
for pN [113]. Note that oncd is constructedd p €N can be obtained without explicitly creating
JTJ[113].

Table 2.2 outlines the Gauss-Newton algorithm. Once the search directiompsutad line
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Table 2.2: Gauss-Newton algorithm.

Givenxo;
Setk O

loop
Computel, andR® R0

SolveH pEN = gy (GMRES);
Compute  (Line Search) and sef+1 = Xk + kaN ;

k k+1;

2k k1) < ork < Max Number of Iterations

while P 7

search routines calculate the inexact step lengtfihe stopping criteria can be set to 1 and

the algorithm can be set to loop 20 times.

Finally, | provide the explicit form of the Jacobian matrix de ned in Equatiof&? since the
indicesi andj may be hard to interpret, i.ei;,j alone do not provide measurement's source-
detector position and wavelength or the reconstructed parameter's tgpspatial location. The
residual vectoy can be expressed in terms of sub-wavelength measurement wecjoos size

M :

y=[y .y iy (I (2.52)

The Jacobian matrix consists of smaller matrices each indicating the weighteofaingpa-

rameter for a given measurement wavelength:
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2 3
J 1(C1) J 1(C2) J 1(CL) J 1(A) J 1(b)
J Z(Cl) J 2(C2) J z(CL) J 2(A) J 2(b)
J (C1) J ((C2) JW(CL) I (A) I (b)
Here eacl) | (x) is a sub-matrix of sizél P and has the following structure
2 3
@1;1( n) @l;l( n) @1;1( n)
@x @x @x
J _(x)= @imy(n) @imy(n) @am,(n) (2.54)
" @x @x @x»
@FS;MS( n) @S;MS( n) @S;MS( n)
@x @3 @x

The Féchet derivative@ =@»are provided in Equation 2.33.

The convergence advantage brought by utilizing the second-oraldiegt in the Gauss-Newton
method comes at the price of large number of forward solut®manax( Ms) per measurement
wavelength to build the Jacobian matrix, and a huge memory load to store th@alaotatrix.
The parallelization Section 2.3.6.2 discusses possible solutions to reduce thepénteon for-

ward solvers and to manage the memory requirements.

2.3.3 Convergence comparison between Nonlinear CG and Gaidlewton

In this section, the convergence of Nonlinear CG and Gauss-Newton dsetihe compared with
a simple 2D simulation. Forward data was generated with a nite element mestb8frtides

at 32 source and detector position equally spaced along the circundesbacircular medium 7
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cm in diameter (see Figure 4.3 for optode placement). Two circular absoiptiomogeneities
of 2.0 cm and 1.6 cm in diameter withy = 0.1 and 0.5 cm? respectively were embedded in an
otherwise background of, =0.25cm * and =10 cm 1. The images were reconstructed with

both of the algorithms using a regular 5050 pixel basis without any regularizatiosr O .

4

10 ‘ ‘
—=—Nonlinear CG
—e— Gauss-Newton
10° ]
=
>
10° ]
10”

0 100 200 300 400 500
CPU time (secs)

Figure 2.3: Objective function values generated with Gauss-Newtomigetbnds) and Nonlinear
CG (blue squares) as a function of CPU time.

Figure 2.3 displays the objective function valugx) generated by Nonlinear CG (blue squares)
and Gauss-Newton (black circles) methods as a function of CPU time. Horlgorithms the
maximum iteration limit was set to 10, i.e., with k = 0 :::10where g is the initial objective
value corresponding to initial homogeneous guess witk 0.25cm *and 9=10cm . Att=
206 sec Gauss-Newton nishes the= 10" iteration with a  value two orders of magnitude less
than that of Nonlinear CG algorithm.

Each algorithm has a different timing per iteration, thus | compare images lms€PU
time rather than iteration. To this end, | select the images reconstructed atrtimite close

to t = 200 sec which correspond t85and 10" iterations for Nonlinear CG and Gauss-Newton,
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respectively. Figure 2.4 (a) shows the target and the reconstructedsmaétty Nonlinear CG and
Gauss-Newton. Figure 2.4 (b) plots the target and reconstructed imadgsalong the red line
drawn across the objects (Figure 2.4 (a)). The contrast and the shtpeeobjects retrieved with
Gauss-Newton are superior to that of Nonlinear CG. Clearly Gaussedeagorithm converges

much faster than the Nonliner CG by utilizing second order gradient informatioptimization.
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Nonlinear CG Gauss-Newton
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—Target s
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Figure 2.4: (a) Comparison of images reconstructed with Nonlinear CG angsaNewton. Target
consists of circular absorption inhomogeneties. The images reconstali¢kegliterations close to
t = 200 sec which correspond td"5and 10" iterations of Nonlinear CG and Gauss-Newton,
respectively. (b) Target and reconstructed image pro les are plotiexsathe embedded objects.
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2.3.4 Regularization

Diffuse optical image reconstruction is an ill-posed, ill-conditioned inversblpm, i.e., mapping
from the data domain to image domain is not well-de ned (honexistence, nimueness of the
solution) or discontinuous, and the solution is not stable with respect to sar@tiens of the
data. Hence the reconstructed absorption chromophore and scattemggers will be distorted
by noisy and incomplete data. In order to suppress the noise and obtaithemiotages, regular-
ization methods are employed wherein additional information about the soluiiteiusled in the

optimization.

In a well-known regularization method, Tikhonov regularization [84], tdi@onal informa-
tion R (x) presents a preference towards a default soltigrand it is incorporated in the objective

function with a weighting factor as in Equation 2.27:

= %yTy+ R(X); (2.55)
= Y(X)+ R(X); (2.56)

whereY (x) = 1=2yTy.

R (x) will try to make the solution close to some default solutignby minimizing the norm

kx  Xok?, or more generally the norm of a linear operatomcting on this difference. The
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following equations de ne the regularization functiod and its derivatives:

R(x) = kL(x xq)k? (2.57)
RAx) = 2LTL(x xo) (2.58)
R%x) = 2L"L: (2.59)

Since all absorption chromophores and scattering parameters will Haniggd similarly, i.e., the

only difference will be due to the spatial coordinates of the parameter, taki#lx as a vector of

sizeP (sampling basis size) arid as aP

P matrix. Practically we use initial guess of optical

parameters foxg. As for the linear operatdr, we will consider two forms.

Yot

HigherA

Optimum A

r LowerA

>

R(x)

Figure 2.5: lllustration of a generic L-curve. Optimum choice foties on the corner of the

L-curve.

In most of the human breast DOT cases we have utilized the spatially vasiamtof regu-

larization [32, 101]. In this case we de rie to impose lower regularization at regions distant to

optode positions to compensate for the degragation of DOT resolution atrdsowith increased
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distance from optodes:

\ R
(LTL)j = 1+10 expf(2%)29+
Y

expf(XiDXXC)2+(Z‘DZZC)Zg 2 ifi = j; Ootherwise (2.60)

HereDy ; Dy ; Dz are the dimensions of the mediuX;; Y;; Z;) and(X¢; Y¢; Z¢) designate the

spatial coordinates of the basis comporiemind of the center of the medium, respectively.

Another alternative de nition fot. provides a smoother gradient across the basis points:

(LTL)ij = 1 ifj is neighbour of i (2.61)

8
% N ]
-g otherwise

wheren; is the number of neighbours of basis paintor a 3D problem we use a six-connected

neighbourhood.

The value of the regularization parametet,is set by a graphical tool called the Tikhonov
L-curve [44]. To generate the Tikhonov L-curve, DOT inverse peobis solved for several values
of , and the resultingR ;Y ) pairs are plotted as in Figure 2.5. Lowerlindicate inadequate
regularization with highR values where the high frequency uctuations in the image are not suf -
ciently suppressed. Reconstructions with large values afi the other hand, are smoothed more
than necessary, degrading image resolution and contrast. Optiisabbtained when both data
mis t and R are at their lowest possible values. In other words, The corner of-thente deter-

mines the optimum value.
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2.3.5 Line Search Routine

In this section | try to describe the inexact line search algorithm used in fhease package
TOAST [113]. For detailed description of generic line search algorithndscanditions for con-
vergence see reference [65].

After nding the search directiopy, the inverse algorithm calls the line search routine to

obtain the step size in order to update the solution, i.e.,

Xk+1 = Xk +  kPk: (2.62)

The line search algorithm essentially minimizes a univariate function) = ( Xk + p«),

i.e., the step lengthy is set by

Kk =argmin ' ( ): (2.63)

The algorithm in Table 2.3 describes the line search procediutg.denotes the sequence of
the trial step lengths used internally in the algorithm. The initial estimgaig set to the step length
found in the previous global iterationy 1 or to 0:1kxok=kpok if it is the rst iterationk = 0.
The minimization procedure (Eq. 2.63) is then completed in two phases: Bragkdase nds
an interval of acceptable step lengths and determines thvedues written in vector fromy for
guadratic interpolation. Figure 2.6 displays a sketch of the line searchguoe The points used
for the quadratic interpolation (in red color) depend on whether the irjiahs caused an increase
(Fig. 2.6 a) or a decrease (Fig. 2.6 b} i ).

The second phase assignsthe value that corresponds to the minimum of the interpolated

quadratic function. If the quadratic function has the faanf + b + c then the minimum is at
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Table 2.3: Line-Search algorithm used in TOAST.

Givenk; xx, px and ¢ 1;

0:1 kxok=kpok ifk=0

Seto= ifk>0°

Bracket the Minimum

if ' (~0) ' (0) (Increase Step Length);

end (while)

Set ¢=(~i 237 1:7);
else(Decrease Step Length)

i 1;

v=1=2~ g

while' (~) >"' (0);

i i+1;

end (while)
Set ¢=(0;~;~ 1);

end (if)

Quadratic Interpolation

Use three chosen pairs above to obtibina 2+ b + c;

Return = b=2a;
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Figure 2.6: lllustration of the line search procedure. (a) If the initial stegtle~y yields a decrease

in' then the step length is doubled untilstarts increasing. (b) If the initial step length causes
an increase in then~is halved until' ( ) <' (0). The resulting pairs (red points) are used for
guadratic interpolation. value that corresponds to the minimum of the quadratic function is set
as the step length for tHe" iteration.

36



b=2a, hence = b=2a. Values ofa andb can be derived as follows:

(q®) " (a@) T (a@) " (Ca()
a®)  q(D) a@  q(1)

(o q@) * (269

b = (a®) " (aql) a( o)+ o) (2.65)

a®)  q(d)

2.3.6 Parallelization of Image Reconstruction

In the algorithm sections, | have discussed the computational loads refevdon-linear CG and
Gauss-Newton methods. In the following sections, | will present howllpacammputing can be

used to improve the speed and memory requirements of each algorithm.

2.3.6.1 Parallelization of Non-linear CG

In general one of the costly part of the inverse DOT algorithms is the fora@ution. For the Non-
linear CG algorithm especially, forward solution routine is the key to compute the objective
function and the search direction, and thus called frequently. Fortunttelforward solution for
each source position can be computed independently of others. Paoatiplitng exploits this
independence by distributing forward solvers to each compute node @h mgubers.

Figure 2.7 shows the owchart for parallel Non-linear CG DOT algorithraclEcomputer has
its own CPU and memory, and communicate with each other through a popurevitak called
Message Passing Interface (MPI). In a computer cluster composgéd bfprocessors or compute
nodes, each node is assigned a proccessor number, Node 0 beingsthe in&ialized with user
input parameters such as FE mesh, data, initial guess etciThede is assigned a range of

source indice$s; :::sj+1) for which it solves the forward problems (see Eq. 2.19). The master
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Figure 2.7: Parallel Algorithm for Non-Linear CG.
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node holds the unknown parameter vectand broadcasts the optical parameteys 2 to other
compute nodes when necessary. The compute nodes then return thefrtparforward solution

( Msizsivg)) @nd (rs s, )) (s€€ Eq. 2.40) to master node in order to obtain the gradigni)

and the search direction. The master node computes the step size laagilopriate to the new
search direction wherei x) values are obtained through forward solvers distributed to compute
nodes. Convergence criteria based on the new solutiand iteration count is checked by the

master and the process is repeated if necessary.

2.3.6.2 Parallelization of Gauss-Newton

In this section a parallel DOT algorithm suited to Gauss-Newton method is detu®ne major
difference from the Non-linear CG parallel algorithm lies in the implementatiberse: Rather
than master node alone controlling and updating the state varadnhel the compute nodes only
solving the forward problem when required, in this implementation every ctampade solves
the inverse problem synchronously by distributing and sharing the cotignabload among each
other. In a way, this implementation is better parallelized compared to the predoese (Section
2.3.6.1).

As discussed in Section 2.3.2 the Gauss-Newton algorithm requires a magnigiowto com-
pute a search direction, i.¢l p N = g (see Eq. 2.51). Recall that = JTJ+2 LTL. Here
the regularization operatar is a sparse matrix close to identity, howeveis aM o1  Prot
dense matrix. In an experimental scenario where therdatgr = 100; 000total measurements
(20,000 per wavelength) and oxy- deoxy-hemoglobin, water, lipid aunaton, scattering pref-
actorA to be reconstructed on a basis with 20000 pidetet =5 20,000 = 100; 000, the

Jacobian matrix will require almost 75 GB of memory. Computers with 64-bititeatiire can
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handle this memory requirement based on the memory capacity and the arti ciabéirtity the
operating system. The MICROWAY computer cluster operated by our lablB@ompute nodes
each with 64-bit architecture, however, with only 6 GB of RAM (with max 16 [B&it of the

board), hence we cannot handle a Jacobian of size greate3@@d0 30; 000.

The parallel implemantation outlined in the owchartin Figure 2.8 below solveptbielem of
memory requirement by letting each compute node build only certain rows chtiobidn matrix.

After the initialization step, each compute nodg ¢onstructs and stores part of the Jacobian,

2
Jpart(O)
Jpart @
J= gw” : (2.66)

Jpart (Q)

Jpart(i):

In order to invert Equation 2.51 and obtga®N , we utilize GMRES method [109] where
the inversion requires only matrix vector multiplications. This favors the implertientaf the
parallelp®N computation. All the compute nodes call GMRES routine wherein each compute
node multiplies its part of the Hessian (regularization part omited for simplicity)seithe column

vectorv, i.e.,

T - 1T .
Jpaft(i)‘Jpa”(i)V - ‘Jpart(i)zpart(i)v (2.67)

bpart(i); (2.68)
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and the resulting vectols,, iy are summed through special MPI routines in order to obtain

X
b= Bpart (i) (2.69)
i=0

whereb is the column vector that would otherwise be obtained using the full Jacobian

b=JTJv: (2.70)

The equivalance of twb de nitions given in Equations 2.69 and 2.70 can be easily shown as

follows:
2 3 2 3
J part (0) Zpart ©)
J part (1) Zpart (1)
b=JJv = JTg— — — JLy=3T0Q — " (2.71)
Jpart () Zpart (Q)
2 3
2 3 Zpart (0)
_ T T T Zpart 1) 279
B ‘]part(O) ‘Jpart(l) e 'Jpart(Q) (2.72)
Zpart (Q)
bpart 0) + bpart Q) SR bpart(Q) (2-73)

The resulting sum vectdr in Equation 2.69 is broadcasted to every node in the system, hence
at the end of the GMRES routine each processor has the full searchiaticey®N . Each node

then utilizes the search direction to determine the step length fadbgrcalling the line search
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procedure wherein several objective function) (evaluations and hence forward solutions) (
are required, and are distributed among the compute nodes similar to the ssh@nrein the
parallelization of Non-linear CG algorithm (Section 2.3.6.1). At the end of treedgarch each
compute node ends up with the same step siaad updates the solutionuntil the convergence

criteria are met.

2.4 Summary

This chapter discussed our DOT image reconstruction methods appropriatéti-spectral model.
Image reconstruction was treated as an optimization problem wherein wthsesKution by min-
imizing an objective function composed of data mismatch and regularization t€haspproach
starts with an initial guess and nds a descent direction and choosespaopaiate step length
by inexact line search in order to update the current solution. The wtedicection calculation is
achieved by utilizing the rst and second order gradients of the objeftinetion that yields to
Nonlinear CG and Gauss-Newton algorithms respectively.

Second order gradient information certainly gives the Gauss-Newtoroohatfaster conver-
gence advantage over Nonlinear CG as demonstrated in Section 2.3.3.oMetehthat the sim-
ulation in Section 2.3.3 only utilized 32 32 source-detector pairs. In an experimental scenario
wherein there are 45 sources and 900 detectors Gauss-Newton willer®d5 forward solution
to compute the Jacobian matrix whereas Nonlinear CG needs onlg®= 90 forward solutions
(see Section 2.3.1). In this case, due to the time spent to build the Jacobian @atrés-Newton
method can loose its speed advantage. Furthermore memory requiremére flacobian can
make Gauss-Newton DOT infeasible for large domains with many optode paithis end, par-

allelization of the inverse problem plays an important role. In section 2.3.6ave shown that
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both Nonlinear CG and Gauss-Newton can be parallelized by distributingtiarid calculations
to different compute nodes. Parallelization of Gauss-Newton method (S&8dh2) has also
demonstrated a scheme to distribute the Jacobian matrix reducing the memargmemt per
compute node. The use of computer clusters with suf cient memory will easeagb of Gauss-

Newton method and enable to utilize its effective descent search directioritirspectral DOT.
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Chapter 3

Instrumentation

3.1 Introduction

In this chapter, two instruments utilized fir vitro andin vivo DOT experiments are brie y de-
scribed: The rst instrument is a clinical, parallel plate DOT instrument tlzg been used to
collect bothin vitro andin vivo transmission and uorescence data. The second instrument is a

spectrometer with two halogen light sources and three detection channels.

3.2 Parallel plate DOT instrument

Figure 3.1 illustrates the clinical instrument. We use it to obtain both intrinsic aatkscent dif-
fuse optical images of tissue phantoms and human breast. The instrumeniisgroagabilities,
based on endogenous contrast, have been demonstrated previoughharitoms and in human
subjects [28,32]. Furthermore, agreement with MRI in a case studyalfyadvanced breast can-
cer during neoadjuvant chemotherapy treatment has validated the podéitialDOT instrument

for breast cancer imaging [28].

45



CCD H[I

Bandpass Filter- =
L Notch Filter Intralipid

N Detector Fiber

Light sources
RF Detection
Electronics

Source Fiber

P | ...:i:f...

T
source fiber-\—- ........
compression plate
Only used for Fluorescence DOT P & =
1

15cm »
=

Figure 3.1: Schematic of parallel plate DOT instrument. The subject lies iregrosition with
breasts suspended in the breast box. Continuous wave (CW) trangnassidrequency-domain
(FD) remission measurements are performed simultaneously. 45 soutc@sd=&hdetectors are
positioned on the compression plate in a®and 3 3 grid arrangement, respectively. For uores-
cence measurements spectral Iters are introduced in front of the dete@aliode laser at 786
nm is utilized for excitation of ICG and uorescence detection.

In practice the female subject lies in prone position with her breast susgaenc box lled
with a uid mixture of 30% Lyposin Il (Abbott Laboratories, Chicago,lland India ink (Black
India 4415, Sanford, Bellwood, IL) whose optical properties are sintoldhose of human tissue.
Hereafter we will refer to this mixture as “matching uid”. The cancerousdst is centered
between the soft compression plate and the viewing window. The compredate (Fig. 3.1)
contains 45 source bers of 200m in diameter (FIS) arranged in a 9 x 5 grid numbered from
left to right starting with the upper left source. An optical switch (Dicon Fibetics, Richmond,
CA) is utilized to deliver light from four sinusoidally intensity modulated (70 MH&&er diodes
operating at 650, 690, 786 and 830 nm to each grid position. The laser pevel varies depending
on the wavelength and the source position, with an average of 10 mW. RBdlikustrates the

orientation of the reconstructed images.
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Figure 3.2: The orientation of image slices are shown beneath the instrument.

CCD sensor

CCD pixels

Read noise

Dark current
Nonlinearity
Nonuniformity
Dynamic range
Frame readout
Operating temperatur

E2V CCD36-40, Back Illuminated
1340 1300 imaging pixels20 20 min size
8e rmsat 1MHz
0.1e/p/sat-40C
< 2%
< 4% over entire CCD
16 bits
< 1.8 seconds for full frame at 1 MHz
e-40° 0:05°C with TEC

Table 3.1: CCD specs.

Light detection is accomplished in reemission through nine bers located ocoiim@ression

plate (Fig. 3.1) and in transmission through a lens coupled 16-bit thermaeddigtcooled CCD

(Roper Scienti ¢, Trenton, NJ, VersArray:1300F, 134@300 pixel). The region of interest covers

an area of 16 11 cm and imaged onto 570 400 binned pixels (2 2 on-chip binning). The

CCD specs are provided in Table 3.1.

The remission bers are connected to a frequency domain detection mothigl wrovides

phase- and amplitude-data for d

etermination of the bulk optical propertite ahatching uid

and tissue. The bulk properties determined therein are used as an initialtestinthe DOT

reconstruction. See Section 2.2.1 for the analytical forward model usedett reemission data.
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For the ICG [60] uorescence measurements (FDOT), two spectralks lsee placed in front of
the CCD camera in the following order. An 830 nm bandpass lIter with 10 nnHRMA(OD = 4,
CVI Laser Inc.) is placed rst, and a 785 nm notch lter (OD = 6, Semrogk)lis placed second.
In this way the incoming excitation light rst passes through the notch Iter tiredpossibility for

detection of excitation-light-induced bandpass Iter auto uorescencénsmated.

3.3 Portable broadband spectroscopy device

Figure 3.3(a) illustrates the spectrometer system composed of two spectoaretdwo halogen
light sources. Spectrometer-1 is a single channel device (Ocean O@&S0Q0) with a grating
optimized for 600 nm to 950 nm wavelength range and with a high quantunieatyg (up to
90%) backthinned linear CCD array. Spectrometer-2 (Ocean Optics@D2@s two separate
detection channels both covering the same wavelength range (550nmmP&ith 40 % quantum
ef ciency. The working principle of the spectrometers is illustrated in FighiB£b).

The halogen light sources (Ocean Optics HL-2000-FHSA-HP) prowidecoupled illumi-
nation at wavelengths between 360 nm and 1700 nm each with output of. Zigwe 3.3(c)
illustrates their spectral distribution of power spectra as recorded bypéar®meter-2. The TTL-
shutter enables to turn the lamps on/off during data acquisition. A laptop congugfeires data
and controls lamps' shutter through the USB connection with the spectrometers

The system provides CW broadband data that can be utilized in a multi-ddesmnawork,
and has greater portability and maintenance with respect its FD countergartdiscussed in
Chapter 4 multi-spectral method reduces the absorption and scatterisgi@ioassociated with
CW data. A simple titration experiment conducted with this instrument is presentgéciion

4.4.1.
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Figure 3.3: (a) The device is composed of a single channel and a twmehspectrometer, and
two halogen white light sources. (b) Light entering the spectrometer is collihwet¢he grating.
The diffracted light is focused on the linear CCD array. (c) Spectralibigion of light source as

recorded by the Spectrometer-2.
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Chapter 4

Non-uniqueness in CW DOT revised

under Multi-Spectral Constraints

4.1 Introduction

In case of continuous-wave (CW) measurements, it has been showettbaldy that different
sets of absorption and scattering parameters can yield identical dataW}eDP@T inversions will
have cross-talk between absorption and scattering. In this chapter nheniqueness problem
inherent in CW DOT is described, and a multi-spectral approach that wiinpially reduce the
cross-talk with the correct measurement wavelengths is presentedhdice of wavelengths will
be based on two considerations, i.e. separation of absorption fromrsgafteon-uniqueness) and
separating absorption chromophores from one another.

Supporting results from computer simulations and broadband spectyammiscussed in
Sections 4.3.1 and 4.4.1, respectively. In Section 4mvvo 3D images reconstructed with tradi-

tional and multi-spectral DOT methods are compared.

50



4.2 Non-uniqueness in CW DOT

| start with the non-uniqueness concept as demonstrated by Aetd¢6]. The solution domain

is divided into two sub-domainsg and 1 as shown in Figure 4.1, i.e.,= o[ 1. The
purpose of this division is to distinguish the regiop where the source teria, (see Eq. 2.1) is
always zero, from the region; where the isotropic source distribution is contained. This is in fact

equivalent to placing the soureg - typically taken ad= ¢ - inside the medium.

Figure 4.1: The solution domain can be decomposed into two sub-domainsand ; where
sources are localized entirely in.

The diffusion equation (Eqg. 2.1) is simpli ed to a Helmholtz-type equation with trenge of

variables 2= D and = and takes the form
|
2+ ) (1= 20 (4.1)
where = o+ il ,with
r? 1
o= (—)+ = = = (4.2)



Two conditions must be met in order to have two sets of sanfples ;) and(D; ~;) produc-

ing the same solution [6]:

Condition1: ~(!')= (!) everywherein ,

Condition 2: D = D everywherein 1.

Second condition above requires both sets to have the same right haimdBimtion 4.1 and
the same = = . Any different selD has a different 2 = D, and hence a different= 1=v 2.
In general this violates the rst condition given above, i! ) = (!). However, forl =0
(CW case) reduces to o. In this case it becomes possible to nd in nitely mafip; ~;) sets
that satisfy the two conditions above. An arbitrary functioB equal to zero in 1 can be added
toyieldD = D + D, which satis es the second condition. For the rst condition to hold, one

hasto nda 4 interms of the arbitrary function D such that
(D5 ~a) = o(D; a); (4.3)

where~; = 4+ a- The equality in Equation 4.3 holds when [6]

( ! "p—#)
rzpD r2 p

a=D  p=— t 5 P al (4.4)
D D

The resulting sefD; ~;) satis es the two non-uniqueness conditions and produces an identical
data set as explicitly shown in reference [6]. Since in nitely many arbitcdmyices for D exist,
this result states that the inverse solver is likely to introduce cross-talk eetalesorption and

scattering when the measurement type is CW.
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4.3 Non-uniqueness revised under Multi-spectral constraints

The non-uniqueness problem is now analyzed in the multi-spectral metmoéwrork. Using the
relations given in Equations 2.5 and 2.7, analogous conditions are dievivere the parameters
D; ,arereplaced by; b; C, and these conditions are extended to multiple wavelengths.
Assume there exists another §ef; C; withb= b;A= A+ A; Ci=C + C,. Herefor
practical reasonbis not regarded as an unknown, instead it assumed to be spatially ccanrsant
known, i.e.b(r) = b. These two sets give identical data if the conditions given earlier are fdl lle
Given the arbitrary function A (zero everywhere in ;) the rst condition (5 = o, see Eq. 4.4)

can be rewritten in terms of the new multi-spectral parameters as

X
! '(b) A+ ¢ =1 (4.5)
h( b A) | A
where 0 q 1
p— 2 b=

2% Th= r =3A

h(bm= L@ A 4 A (4.6)
3A b:3A b:3A-

Sincel(r) is assumed constartt( P; A) reduces to

0 D zq
1 r2 1=3A r° 1=8A
h(R)= —@p —— q A (4.7)
cly 1=3A 1=3A

1

So far our analysis has been limited to single wavelength, and Equation 4.5 sesfates the
non-uniqueness criterion in terms of the wavelerigttependenvariablesC,; A andb. The dra-
matic improvement of the multi-spectral method comes from using all measureraeelewgths
simultaneously

I now investigate thenlikelinesghat two different parameter sets are able to produce identical
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data simultaneously at all the measurement wavelengths. Suppose tHerenaasurement wave-
lengths, and. chromophore$C,), then the non-uniqueness condition becomes a matrix equality

where each row represents Equation 4.5 for the wavelgngth

2 30 2 3 2
Cl Cl
E ] é | E . 1 g .
' + .
Ah(A) R - h(A) '

1(bN) 2(bN) L( N) CL CL 1
HereE denotes the wavelength dependent matrix.

1 2( 1) 1)

URRRRRRRRRRRNNN
- 0299992222222 0 L
I
~OOCOCOCOOO0000000 N
.. -

B
(e2)

N—r

N N

Ew 1. (4.9

The inverse problem will have non-unique solutiongv§ is equal or very close th. There-
fore the choice oE and ergo, the wavelengths used, affects the reconstruction. Theddesive-
lengths form a matri¥ such that the distance between the closest solution to Eq. (4.8) and the vec-
tor 1 is maximized The closest solution is given in a least squares senggas(ETE) ET1
[117], and the residual noriR = k1 Ew ok, can be interpreted as the distinguishability pa-
rameter. The closeR is to zero, the closew, will be to ful lling conditions for non-uniqueness.

Wavelength choices that maximig&s de ne the rst criterion for selecting optimal wavelengths.

Next a criterion in order to distinguish chromophore concentrations amemgsiives is con-

sidered. Equation (2.5) can be written in a matrix formNowavelengths; 4( ) = C,i.e.
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2 3 2 32 3
a( 1) 1( 1) L( 1) C1

_ L L1 (4.10)

al N) 1( N) L( n) CL

When the matrix given in Eq. (4.10) has smooth singular value distributioh,daomophore
is expected to have similar contributions to absorption. The condition nunfbgr the ratio of
the maximum to minimum singular value - can be used as a measure of the smoothnasten

is small, measurements have equal sensitivity to each chromophore; hermredb-talk within
the absorption chromophores is minimized. Wavelength choicesiinéhize de ne the second

criterion for selecting optimal wavelengths.

4.3.1 Choice of optimum wavelengths and simulations

In this section, we consider how certain wavelength choices affect siétseand we verify these
ideas with computer simulations using four chromophores oxy-hemoglobaxydeemoglobin,
water and lipid as the main absorbers.

For a medium witi. = 4 absorption chromophores taken as oxy-hemoglobin (Hbdeoxy-
hemoglobin (HbR), water (}0) and lipid, at leasN = 5 wavelengths are required when the
scattering prefactoA is also allowed to vary. Each set of ve wavelengths has some value for
residual nornR and condition number, given the extinction coef cients [105] and the scattering
powerh. Figure 4.2 shows the scatter plotRfand values computed with four chromophores

and ve wavelengths with the scattering power 1:3[41]. The wavelengths were chosen from
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Figure 4.2: Each point represents a set of 5 wavelengths. ResidualRpand condition number,
, of each set are calculated for 4 chromophores HivR, H,O and lipid as described in section
??. Points 1, 2 and 3 are selected as extreme points with high ang;lowalues.

the 650 - 930 nm range (based on SNR calculations for 6 cm optodeatieparin a transmission
geometry) spaced in 6 nm intervals. Three sets from different regifig04.2 are considered:

The rst set from low values oR and , the second set from high values®fand , the third set

from high values oR and low values of . These wavelength sets are tabulated in Table 4.1 with
their corresponding?; values. Based on the analysis in section 4.3, the third set is expected to

be the optimal set.

Set Wavelengths (nm) R

1 740, 788, 866, 902, 926 | 36:5 45 10 6
2 650, 700, 716, 860, 890 | 6340 54 101
3 650, 716, 866, 914, 930 | 364 43 101

Table 4.1: Wavelength sets chosen from Figure 4.2 and corresporahadgion numbers () and
residual normsR).

In order to clearly see the effects 8f and on our choice of wavelengths two different
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Figure 4.3: Geometry of the circular media used in the simulations. 32 soateetor pairs are
equally spaced along the circumference. The rst medium (a) has fmorhing objects and the
second medium (b) includes an additional scattering object. Both media arén/diameter with
objects of 1.6 cm in diameter.

circular (2D) media with similar geometry are simulated, but one with an extra sngtiaho-
mogeneity. Figure 4.3 shows the geometries of target media used in the simul&uthsnedia
are 7 cm in diameter with 1.6 cm objects embedded in a homogeneous backgrohe rst
medium (Fig. 4.3 (a)) is composed of four objects with different absorgerturbations due to
different chromophores. The second medium (Fig. 4.3 (b)) has aticadd fth object with a
scattering inhomogeneity due to scattering prefadtoifable 4.2 lists the concentrations and the
scattering prefactor values with corresponding object locations. Bagkd values correspond to
a=0:06cm tand ¢=7:6cm tat =800 nm [41].

A nite element mesh (see Section 2.2.2) with 4159 nodes were used to teefamaard CW
data at 32 source and detectors equally spaced along the circumfdrearer to imitate real data
acquisition, 1% random gaussian noise was added to the data. Imagesitan chromophores
and scattering prefactdk were reconstructed using the Non-linear CG algorithm discussed in

Section 2.3.1.
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Location HbO, | HbR | H,O | Lipid A
(M) [ (M) ]| (%) | (%) |10 ®mm® 1

background, 20 10 27 25 4500
Object # 1 40 10 27 25 4500
Object # 2 20 20 27 25 4500
Object # 3 20 10 54 25 4500
Object# 4 20 10 27 50 4500
Object#5 20 10 27 25 9000

Table 4.2: Chromophore concentration and scattering coef cient gafavalues of the back-
ground and the test objects.
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Figure 4.4: Image reconstruction results of the rst medium. Images ohobpbores Hb@, HbR,
H»0, and lipid are shown in consecutive rows. The leftmost column showsx{fecrtd target
object locations and the rest of the columns display the reconstructed imfag@®mophores for
sets 1,2 and 3.
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Figure 4.4 shows the reconstructed chromophore images simulated in teedétim. Each
row corresponds to a different chromophore with the target locatiansrs the rst column and
the subsequent columns display the reconstructed images for wavelehgtsand 3. Set 1 and
3 give similar images, however set 2 due to its higtalue fails to distinguish between,® and

lipid.
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Figure 4.5: Reconstructed images for the second target medium. TargetsimAbbQ, HbR,
H»O, lipid, andA are shown in the rst, second, third, fourth and fth rows of the leftmostc
umn respectively. The images shown in the second to fourth columns amstawted with the
multi-spectral method for sets 1, 2 and 3. The images in the rightmost columbtaiees using
conventional DOT image reconstruction with the wavelengths in set 3.

Reconstruction results for the second medium wherein a scattering (lfiflecowas embed-
ded, are shown in Fig. 4.5. The rst set with the addition of scattering olgjees a low contrast
(15 M peak) for HbR image and shows some cross-talk between absorptianapiiores (not

present in absence of scattering, Fig. 4.4). The second set hazdesltattering cross-talk with
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respect to rst set, but still exhibits very low contrast for the@image. The third set gives the
best contrast and localization for all the ve target objects consistent avithexpectation of op-
timum wavelength set to have hidh and low value. The wavelengths in the third set were
also used with the conventional DOT image reconstruction scheme whesairptibn and scatter-
ing at each wavelength are obtained rst, and then decomposed into chhamsoconcentrations
images as shown in the last column of Fig. 4.5. The scattering cross-talk irmtbeaphore
images clearly demonstrates the superiority of the multi-spectral method oueaditeonal DOT
method. (Note that no regularization or matrix scaling techniques were endpioyay of the

image reconstructions.)

4.3.2 Optimum wavelength distributions

In this section wavelength distributions in Fig. 4.2 are examined more closely histograms.
Optimum sets for the case with four absorption chromophores §HHOR, H,O, Lipid) and ve
measurement wavelengths are considered rst. Notice that scattering isitipphicluded, i.e.,
theR and values are calculated based on absorption chromophores to be examadtadmber
of measurement wavelengths. The optimum wavelength sets are de ned astth(points) in
neighborhood of set 3 in Fig. 4.2. The neighborhood of set 3 is chas¢e points falling in a
somewhat arbitrary range de ned to B2 0:415and 40:.0. Note that each point is a set
of ve wavelengths. The histogram obtained by counting the number ddtitggns for each of
ve wavelengths separately (see Figure 4.6) reveals that each watelenoice tends to cluster
around particular central wavelengths. The optimum ve-wavelengthfakts the range 6503
nm, 710 10 nm, 865 15 nm, 912 4 and 928 4 nm. Any arbitrary combination of these ve

wavelengths stays in the same neighborhooR;of values.
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Figure 4.6: Histogram of optimum wavelength distributions with ve wavelengiind four chro-
mophores (Hb®@, HbR, HO, Lipid). Each wavelength count (distinguished with different pat-
terns) in a set is normalized for ease of demonstration.

I next examine how the histograms change with different types of chroanepland different
numbers of wavelengths used. Suppose there are only two primanptbsahromophores, i.e.
oxy-hemoglobin (Hb®) and deoxy-hemoglobin (HbRIR distributions similar to Fig. 4.2 are
obtained for different numbers of wavelengtis= 3;4; 5. Each distribution (not shown) has an
optimum set with higlR and low value, and histograms of optimum wavelength sets are shown
in Fig. 4.7. With three wavelengths (the minimum number neédledL = 2) the optimum sets
are 650 2 nm, 716 4 nm and 902 16 nm as seen in Fig. 4.7 (a). Figure 4.7 (b) and 4.7 (c) show
that the addition of the fourth and fth wavelengths does not provide aw group, but rather
broadens the second wavelength range from ZL6m to 720 16 nm, and the last wavelength
range shifts slightly from 90216 nm to 896 30 nm. The data suggests that when the absorption
chromophores are only HGand HbR, the optimum wavelength formulation developed gives an
optimum set with three rather distinct wavelengths no matter how many wavelesmigtiused to

getR and .

A similar analysis is performed this time with three chromophores oxy-hemoglbthi@,),

deoxy-hemoglobin (HbR) and water £§8), and the histograms in Fig. 4.8 were obtained. In the
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Figure 4.7: Histograms for the optimum wavelength sets obtained with two dlmsoighro-
mophores (Hb® and HbR) for different numbers of wavelengtNs i.e. ()N =3, (b)N =
4, (c)N =5.
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case of four wavelengths the histogram in Fig. 4.8 (a) is obtained, whahisstinat the optimum
sets fall in the range 65 nm, 722 10 nm, 884 24 nm and 9302 nm as reported in [31].
Increasing the number of wavelengths from four (Fig. 4.8 (a)) to vig(F.8 (b)) broadens the
second wavelength range from 7220 nm to 720 20 nm, but also shifts the center of the third
wavelength distribution from 884 nm to 836 nm. When we use six wavelengihs4.8 (c)), an
additional peak in the distribution occurs centered at 880 nm. These laxjdaisis show that with
three chromophores HBOHbR and HO, when we exceed four wavelengths, fRe  maps
provide a quantitatively new set, if more than one measurement wavelengthes@dected from

the720 15nm range.

4.3.3 Scattering prefactor A' and power "b

The optimum wavelength analysis discussed in section 4.3 assumed a homegyend xed
value for the scattering powér This assumption makes it possible to easily compute the matrix
in equation (4.8) numerically. However the scattering polveray not be homogeneous in tissue.

It is therefore necessary to quantify the error induced by this assumption

Equation 2.6 suggests that separate measuremeAtanfib are needed to quantify both the
scattering size and density of the scatterers in tissue. A simulation with thriéerisgpobjects
having different targeA andbimages is shown in Fig. 4.9. In order to have a good t, a large
number of wavelengths (N = 15) sampled from the 650-930 nm range atr2ihtervals were
used. In the reconstructions we found that the scattering prefajoar(d power If) exhibited
strong cross-talk; typically tends to be updated rather thAn The cross-talk betweefs andb
can be attributed to valleys appearing in the contour plot of the log of thefermction as seen in

Fig. 4.10 (a). Here we de ne the error function as
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Figure 4.9: Target and reconstructed image& afhdb using multi-spectral method with 15 wave-
lengths sampled from the 650 - 930 nm range at 20 nm intervals.

%N 2
E(A;b) = log(A ") log( AAcikb; 1)) (4.11)
i=1
whereA, = 9000 andh, = 1:3 are chosen to give(650nm) = 19:8cm * and $(930nm) =

125cm 1. The value o changes more rapidly withas shown in Fig. 4.10 (a), thus explaining

why the scattering perturbations are mainly compensated by upddies in

I now introduce a new set of variables that yields a better scaled probletm.A_ log(A)+ r b
and = b=t Here we set

XN XN =
r= — log( i);t=N N log?( ;) (rN)? (4.12)

i=1 i=1

so that the resulting error functidh( ; ) written in terms of and takes the form of a nonin-

teracting function i.e., there are no cross terms in the expansion:
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andh, = 1:3. (b) The same error function expressed in terms @nd has a well de ned
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'D(N
E(; ) = foort  t log( i) log( Aok 1))g? (4.13)
=1
|
%N '
= N 2+N ? 2 log( AAoibo 1))
i=1
XN XN |
+ 2t log( AAoib; i))+2t  log( i) log( AAiks; 1))
i=1 i=1
ixN
+ log?( (Ao bo; 1)): (4.14)

i=1

The circular contours shown in Fig. 4.10 (b) illustrate the improvement in scalitigthis

change of variables.
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Figure 4.11: The multi-spectral reconstruction of the target medium in Fig@nasing the new set
of variables (; ) provides accurat& andbimages as shown in (a) and (b) respectively. Bhe
andbimages displayed in (c) and (d) respectively are reconstructed witlentiomal method, i.e.,
tting reconstructed J( ) images at 15 wavelengths to simpli ed Mie-scattering forin ( ?).

Figure 4.11 (a, b) shows the reconstructed image%s ahdb using the new set of variables
and in the inversion. The scattering prefactor and power images are supetlorse obtained
without scaling. The conventiondl; b images obtained by tting ¢( ) (reconstructed at each
wavelength separately) 8  ° are also shown for comparison in Figure 4.11 (c, d). The tting
process in the conventional case utilized the Nelder Mead simplex method impéehie MAT-
LAB function fminsearch. However in simulations (results not shown) withjgats as in Fig. 4.3
(b) (wherein we leA; b or ;  vary), the reconstructions exhibited convergence problems for the
absorption chromophore concentrations, and we were unable to relgolgstrucA andb. This
may be due to the fact that the scaling developed in this section was completetydrascattering
parameters, i.e., the chromophore concentrations were not taken int;macco

In summary, | conclude that with our current algorithm it is better to x on¢haf scattering
parameters and, for the reasons explained in section 4.3, | prefer bo More sophisticated

algorithms and scaling methods may give beftgb and chromophore images.
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4.3.4 Generalization to frequency- and time-domain meas@ments

The multi-spectral method as formulated in section 2.2 is applicable to frequamtyime-domain
measurements, and will be still advantageous for reconstruction basbdsmdata compared to
traditional DOT image reconstructions [40]. The multi-spectral approachoves frequency- and
time-domain based reconstructions, because it effectively reducesrtiteen of unknowns.

The optimum wavelength analysis (section 4.3), however, is mainly basedmuniqueness
that arises when there is only one type of measurement available, i.e. eithktude or phase.
When the source modulation frequency is high enough (50 MHz) to produce phase changes
larger than the phase noise, the residual nBrilooses its importance. Therefore the wavelength
sets 1 and 3 in Fig. 4.2 give similar reconstructed images, whereas sdiirdiesrto show cross-
talk between absorption chromophore images, i.e., the choicésadtill important in wavelength
selection for frequency- and time-domain measurements. The importanaeresiiual norm, R,

depends on signal-to-noise.

4.4 Experimental Results

4.4.1 Spectroscopy: Phantom Experiment

In this section | described the application of multi-spectral constraints talberal diffuse optical
spectroscopy (DOS), and present phantom results that showtatkss-minimized in the multi-
spectral framework.

The system described in Section 3.3 utilizes broadband white light sourde€3Gib coupled
spectrometers. In this experiment, only Lamp-2 and Spectrometer-2 wadtdsee Fig. 3.3), i.e.,

single source illumination and two channel detection at different sepasatier2.5 and 2.8 cm,

68



0.2r— " 141 - :
-©-Conventional —e—ConyentlonaI D
— . —~ —¥— Multi-Spectral
= —¥— Multi-Spectral o L |
£ o Expected e 17| Expected
S 015} P s
Eﬂi eEln 107
8 8
g S
£ o1 5
c c
3 D 3
(0] (0]
14 2
0.05/ @ Expected m (cm'l) 1 Titration Index
- ‘ ‘ 4 ‘ ‘
0.05 0.1 0.15 0.2 1 2 3 4
(@ (b)
16 | =& Conventional 0065 -©- Conventional ‘ Q
o —¥%— Multi-Spectral 0086 f’é‘”""stpswal
E/ 14r o Expected ﬁE Xpecte
= 8‘“ 0.055¢
S 12 £
QL 2
S 10 ) E
@ b7
5
o 8 8
& @
L ¢ 1y |
6 Expected mg (cm™) Titration Index
6 8 10 12 14 16 1 2 3 4
(©) (d)

Figure 4.12: (a), (b) Results of the absorption titration. Retrievgdalues with multi-spectral
method are in good agreement with the expected absorption of the solutionScdttering is
expected to stay constant at 7 ¢ (c), (d) Results of the scattering titration. Multi-spectral DOT
results are superior to that of conventional DOT. (g)is expected to to be constant at 0.05 ém
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respectively. The experimental protocol is as follows: First, a tank Wad with 7 liters of water
and mixed with 164 ml of Lyposin Il (30%, Abbott Laboratories, Chicagpand green ink to
yield 2(786nm) of 7cm ' and ,(786nm) of 0.05 cm . Second, the mixture was divided into
seven cups of 700 ml three of which were used to vayyand the other three to varyg. Three
cups were titrated with ink to yield3(786nm) of 7 cm * and ,(786nm) of 0.1, 0.15 and 0.2
cm ! respectively. Lyposin were added to the other three cups so that radtas ,(786nm) of
0.05cm tand (786nm) of 10, 13 and 16 cm' respectively. Broadband data from 650 to 910

nm were acquired for each sample and smoothed with digitally with a box-car Ite

In order to retrieve the optical properties [Ink Concentration] Anchulti-spectral and single-
spectral ( = 786nm, conventional DOT) inversions were made using semi-in nite forward-solu
tion (see Section 2.2.1) with Gauss-Newton method where spatial basis sr¢odd = 1 (see
Section 2.3.2). The reconstructions are absolute, i.e., no referencermedisiused to calibrate
data. The only calibration was to normalize data acquired at one optodasepavith the other

separation.

Figure 4.12 (a) and (b) display the multi-spectral and conventional DQftration results.
The absorption values retrieved with multi-spectral method (shown withFigure 4.12 (a)) are
in fairly good agreement with the expected values. Conventional DOT ootttex hand, falls
far below the expected, values. This can be attributed t§ cross-talk: I values are expected
to be constant at 7 crt, however with conventional DOT 100% change ifis observed (see
Figure 4.12 (b)). Multi-spectral nds  to be constant around 6 crh where the mismatch be-
tween expected 7 cnt can be attributed to the accuracy of titration and systematic errors in the

measurement (probe movement etc.).

Scattering titration results are also in favor of the multi-spectral approagpedied versus
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reconstructed ¢ values are plotted in Figure 4.12 (c). Multi-spectral DOT follows the expecte
9, conventional DOT however, yields up to 100% error i During the scattering titration
absorption is expected to stay constant at 0.05 ‘cas shown with dashed lines in Figure 4.12
(d). Both multi-spectral and conventional DOT deviate from the expeckeks by up to 20% and
30%, respectively. However, the multi-spectral data displays less devihio conventional DOT

with standard deviation mean ratios of 7% and 12%, respectively.

4.4.2 3DIn vivo Results

In this section preliminaryn vivo 3D images obtained from a female subject with a cancerous
breast lesion are presented. Description of our instrument is providgettion 3.2. Here | outline
some technical details in the data analysis and image reconstruction, and-eamages obtained
with the two different methods: conventional DOT and multi-spectral DOTteNmwever, that
such comparisons usinig vivo data can never be fully conclusive, because we do not haviori
knowledge of the true physiological properties.

In this study, the total number of measuremeitsor used was 84,524. A nite element
mesh [9] with 48,071 nodes was constructed for the forward and inlbesse. Due to memory lim-
itations as explained in Section 2.3.6.2, for both conventional and multi-spB@fainversions,
the Nonlinear CG approach (see Section 2.3.1) was employed with spatiadigtvEikhonov reg-
ularization (Section 2.3.4). Recall that in conventional DOT, absorptidnsaattering values are
reconstructed for each wavelength, and thus the total number of unknimw each reconstruc-
tion node is 2 times the number of wavelengths. In the multi-spectral approadtave only 4
unknowns (Hb®, HbR, H,O andA) at each node regardless of wavelength count.

Reconstructed images of total hemoglobin concentration (THC = pHbHbR] M), blood
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oxygen saturation¥y = 100 [HbO,] / ([HbO,] + [HbRY])), water concentration and? at 786
nm are obtained. The lipid concentration was assumed to be 57 % as rdpdhtediterature [41,
121, 123]. The scattering powbr= 1:17was xed according to bulk breast properties measured

from frequency-domain data.

12 0“c10ck

9 o'clock/ 3 o'clock

Figure 4.13: lllustration of the tumor location based on the MRI report: a nfédsm in size in
retroareolar (behind nipple).

The subject was a postmenopausal female with an invasivénasitl ductal carcinoma (see
Figure 4.13). The orientation of the reconstructed image slices are illusirakéglure 3.2. MRI
reported a mass of 2 cm in size in retroareolar (behind nipple) locatiorevidogin DOT reconstruc-
tion methods indicate with high contrast in THC (Fig. 4.14 (a), Fig. 4.15 (@) &fFig. 4.14 (d),
Fig. 4.15 (d)) images. The two methods gave somewhat different imagesyéo The conven-
tional DOT reconstruction showed negative water concentration at tieeicaite (Fig. 4.14(c)),
which was probably compensated by a false increase in THC (Fig. 4.14T(@@ multi-spectral
method, on the other hand, provided a more robust water concentratidn thighphysiological

range ((Fig. 4.15(c)) even though the measurement wavelengths irysterrsdo not fall into
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Figure 4.14: Conventional DOT method was used to obtain the reconstriatédemoglobin
concentration (a), blood oxygen saturation (b), water concentrat)oen(t scattering (d) images
of a subject with invasive ductal carcinoma near nipple area. Note thaitztes concentration (c)
drops to negative values.
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the optimum wavelength group, i.e., the measurement wavelength set hasd®6:8 and low
R = 0:05values. In total, thén vivo results provide evidence for the superiority of the multi-

spectral DOT approach.
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Figure 4.15: Total hemoglobin concentration (a), blood oxygen saturdt)pwater concentration
(c) and scattering (d) images of the same subject, reconstructed using Ithepactral method.
Reliable images were obtained compared to conventional DOT.
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4.5 Summary

| have presented and tested multi-spectral diffuse optical tomographyaih déhe multi-spectral
model constrains the image reconstruction such that the number of unkrstaynconstant even
as the number of measurement wavelengths increase. It was shownighatkmique can over-
come the non-uniqueness problem observed in CW measurements, addupe to choose the
best measurement wavelengths was developed. The affects of mliffeagelength choices on
image reconstruction were demonstrated with computer simulations, and vegve ghbe con-
sistent with our theoretical expectations. | have discussed the optimuntengttes for different
absorption chromophores and wavelength combinations, and | havidguaptimum wavelength
distributions for typical experimental scenarios.

Reliable separation of scattering prefactd) @nd scattering powet) is possible with the
improvements in the scaling of the inverse problem. However cross-talk bezsved in simula-
tion work when the scattering prefactak), scattering powerhj and absorption chromophores
were both allowed to vary. Spectroscopy phantom experiments showedytams utilizing
broadband source and detection have the potential for reliabléro CW spectroscopy when
the multi-spectral constraints are used. Finally, in our prelimimanivo experiments the tradi-
tional DOT image reconstruction was compared with the multi-spectral methaelfoftmer has
shown comparatively improbable values for the water concentration diagréhe reliability of

other chromophore concentrations.
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Chapter 5

3D in vivo uorescence DOT of breast

cancer in humans

5.1 Introduction

In this chapter | demonstraile vivo uorescence diffuse optical tomography (FDOT) in the human
breast, reconstructing 3D tomographic maps of the tissue uorophordbdisbn in vivo. Three
cancer cases are analyzed wherein tumors exhibit uorescenceasbufrto four-fold higher than
corresponding endogenous optical contrast derived using the sgamtus.

The chapter is structured as follows. Section 5.2 discusses recentsshadied on uores-
cence optical imaging emphasizing its advantages over endogenoustoitieMethods section
describes the uorescence image reconstruction (Section 5.3.1) anduog®the FDOT measure-
ment protocols (Section 5.3.2). The Results section (Section 5.4) rstls$tabthat the measured
signal is due to ICG uorescence rather than tissue auto uorescemtexcitation light leakage.

Then phantom and breast tumor observations are presented, antchaesti@te that reconstructed
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uorescence from the tumor bearing breast are in good agreement pittababsorption and scat-
tering images and with magnetic resonance imaging (MRI). In the DiscussitiarséSection 5.5)

| summarize and compare our methods and results to related FDOT studies.

5.2 FDOT of breast cancer

Fluorescent contrast agents have also been considered as a meahartoeetumor detection
and characterization [19, 26, 47,54, 67,87, 120]. In principle, esoence signals can provide
greater detection sensitivity and speci city compared to absorption sigasigell as access to new
information about tissue micro-environment, including tissue,ggM, and intracellular calcium
concentration [11, 72]. Indeed, the potential uses of optical uorophtear close resemblance
to the use of contrast agents in PET and MRI [20, 96]. Successfukesgence diffuse optical
tomography (FDOT) is therefore critical for application of molecular imagirapps such as dyes
[1,10,73,81,87,120] and molecular beacons [118] that bind to twmect c receptors in deep

tissue.

/zluencher

+©m:g:>

Molecular Beacon

Fluorophore
\\O/
%

Target Sequence Hybrid Sequence

Figure 5.1: Molecular beacon uorescence mechanism.
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Figure 5.1 illustrates the working principle of a molecular beacon. The molbagi@ stem-
and-loop structure, where the loop possess a probe sequencertieapoads to a speci ¢ target
sequence. The stem has two arms where one arm holds the uoropmdrine other arm the
guencher. In the absence of the target molecule, the stem holds uamphd the quencher in
close proximity so that the uorophore's energy is transfered to the cluemand dissipated as
heat instead of light emission. However, when the molecular beacon megjeantalecule, they
form a hybrid that is rigid enough to prevent the uorophore and thenghier coming together.
Therefore only in the presence of the target molecule and the excitation ligmdtecular beacon
starts to uoresce.

Fluorescence tomography methods have been developed and expltisstiénphantoms [2,
25,35-37,39,45,49,57,59,66,70,71,77,79,89, 93,94 121, in small animals [16,52,58,87,
89, 98,100] and in deep tissues such as human brain [80] and canine matamars [106].

A few breast cancer studies have useddhsorptionof exogenous molecular agents such as
Indocyanine Green (ICG) to enhance tumor contrast. Evidently, leakyrtuaszulature delays
ICG washout and thereby elevates its concentration in tumors relativertmhtissue [61,90]. To
our knowledge, our publication [30] was the rst report on detectioth 3D in vivo quanti cation

of diffuse uorescence signals from the cancer bearing humanreas

5.3 Methods

5.3.1 Image reconstruction algorithm

In this section, we brie y describe the tomographic methods used to obtaireseent contrast

images starting from a two-level model. The Results section provide both Fb@ges and
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tomographic (DOT) reconstructions of endogenous tissue propertibgasuotal hemoglobin con-
centration (THC), blood oxygen saturation ($j@nd reduced scattering coef cient3). Detailed

discussion of the DOT analysis is provided in Chapter 2.

Excited State

Emission
NNNN\>

Excitation Non-Radiative
AVAVAVAV.4 Relaxation

<
<

Ground State

Figure 5.2: Two-level system for uorescence excitation and emission.

Complete description of the uorescent diffuse photon density waves/endoy Li [78] and
O'Leary [92]. Here, | brie y describe the uorescence sourcemdreating uorescence emitters
as a two-level system. Figure 5.2 illustrates a two-level system assumee faotiophores. The
number densityNex(r;t) of the excited uorophores obeys the rate equation:

@Nx(r;t) -

et Nex(r;t)+ ( ex) ( 15 exst)N(r) (5.1)

where ( ex) is the absorption extinction coef cient of the uorophore at the excitati@velength
ex» ( ex;I;t)is the excitation uence rate\ (r) is the concentration of the uorophore, and
is the radiative decay rate from the excited to ground state.
If the source amplitude is modulated at the frequeancy r; ex;t) = ( r; ex;!)e "t then
the excited number density will be of the formlex(r;t) = Nex(r)e " . In this case Equation

5.1 yields:

79



(e)(r; ex;!)N(r):

Nex(r) = | (5.2)

The source term of the uorescence diffusion equation is given by timeber of emitted uores-
cent photons per unit time per unit volume which can be expressed in ternegdliation light

uence using Eq. 5.2 as

i (r; ns!t)= Nex = W (rect); (®-3)

where = 1= isthe uorescence lifetime of the uorophore,is the uorescence quantum yield

(ratio of photons emitted to photons absorbed),is the wavelength of the emitted light and

nir)= ( e)N(r): (5.5)

Equation 5.3 relates the uorescence source tginto the excitation uence rate. Thus the
uorescence uence ratg( r; ¢ ;! ) is the solution of the diffusion equation (see Eq. 2.1) with

the source terny; which requires solving the diffusion equation with the excitation source term:

rr D(exnr + a( exsr)+ % (r; ex!)=o(rs; ex:!); (5.6)

r D(Ca;nr + a( f;r)+ % (ry ast)=ou(r; a:t): (5.7)

whereq( ex;!; rs) is the excitation term for a source located gt Inversion of Equation 5.6,

using the multi-spectral data, determings D as a function of position in the medium and as a
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function of optical wavelength. The excitation uence rafer; ;! ) is computed by solving
Equation 5.6 using a( ex;r), andD ( ex;r). Robin-type boundary conditions (see EQ.2.2) are

applied to solve Equations 5.6 and 5.7.

Hereafter | denote the computed (measured) uence rate withy. The computed uores-
cence uence rate, ¢( 1 ;rq;rs), due to an excitation source 1at and detector atq is derived
using Equation 5.7. For continuous wave (OWs 0) measurements, the Born formulation [94]
yields

Z
o 15rairs)=  drn(r) o exitits) GT( ni:rira); (5.8)
whereG™* ( ¢ ;r;rq) is the adjoint Green function (see Eq. 2.36) appropriate to Equation 5¢7. Th
measured uorescence uenceratg ( f ;rq;rs)isthencomparedtd rq;rs; n) c( f1;rg;rs).
Here ( rg;rs; £ ) accounts for the unknown factors such as ber coupling losses, ligites
strengths and wavelength dependent detector quantum ef ciencyminom way of reducing the
detrimental effects of( rq;rs; ) is to use reference data and, as suggested by Ntziacheistos

al. [88], to normalize with the measured excitation uence rate, i.e.,

m(nsrairs) _ (Faifss 1) o( 157dils)
m ) (rasrs; ex) 2( ex;Tdils)’ (5.9)
_ 1 \ o
o eifails) ' rn(r) o ex;rirs) G7( n5rira): (5.10)

Here we have assumed nadependence fo( rq;rs; ) over the narrow range fromgy to .
The reconstruction volume is divided intk voxels of sizeh® and the integral on the right hand

side of Equation 5.10 is expressed as a sum over all voxelsnyithn(rj):

m( f1;7d;Ts) 1 X
m( ex;Tdrs) o( ex;rd;rs)jzl

h3nj  c( exijirs) G*( fsrjira): (5.11)
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We make atotal ol measurements at source-detector paifs(y),i =1 ::: M, and obtain
Equation 5.11 for each source-detector pair. This approach trangibethe matrix equality

expressed below with regularization:

ATJ+ L)n=1JTy: (5.12)

Hered isaM N matrix with the elements

h3 c( exifiirsi) GY( #1:rjirai)
c( exildiilsi)

\]i;j = ; (513)
y isvector of sizeM withy; =  m( #1;rsi;rdi)= m( ex;lsi;fdgi), andn is vector of sizeN with

elementsn; .

Equation 5.12 uses a rst-order Tikhonov prior with the regularizatiompeater and aN
N Laplacian matrix.. Section 2.3.4 describes the the form of the Laplacian (Eq. 2.61) and the

L-curve method used to nd the regularization weight factor

A nite element based numerical solver (see Section 2.2.2) is employed to gwvpho-
ton diffusion equation for c( exfi)), using absorption and scattering parameters derived from
a preceding reconstruction of intrinsic optical properties. Equation 5.1i2eis inverted using
a preconditioned generalized minimal residual (GMRES) solver [113]. pic&} inversion with
M = 10000 source-detector pairs amtl = 40 15 40 voxels takes about 40 minutes in total

using an IntéR) Xeorf™) 3.2 GHz processor with 6 GB memory.

In this chapter we present and compare the contrasts of the followingpses: THC, StQ,

9and ICG concentration. The 3D reconstruction procedure is summaritiegl iowchart in Fig.
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Endogenous & Exogenous Reconstruct |
. nvert Eq. 5.12
Data Acquisition _ | [HbO], [HB], 9(; 1) al exisr) | 9
) Linear, GMRES
& Multi-Spectral DOT 9 exfrsr) [ICG]=n=(" _ )
Preprocessing Non-linear CG &
?

. | Calculate & Display
Contrast

Figure 5.3: Fluorophore reconstruction owchart.

5.3: After the data acquisition and preprocessing step, 3D oxy- ang/deoroglobin concentra-
tions ([HbG), [Hb]) and 2images are reconstructed iteratively using a non-linear conjugate gra-
dient optimization routine suited to the multi-spectral method (see Section 2.3.0) =THbO,]

+ [Hb], StO, = [HbO,J/THC and ¢ contrast images are then obtained by scaling the image with
the mean of the whole breast. As for the ICG concentration image, Equatdis®dnstructed us-

ing absorption and scattering parametets (exfi ;7); 2 exfl ; )) derived from the endogenous
chromophores obtained in the previous step, and inverted with a GMRES solitine. ICG con-
centration is obtained from reconstructedsing Equation 5.51CG] = n=( ( ) ), and scaled

to yield ICG contrast foim vivo reconstructions in a manner similar to that of endogenous contrast
case. Note thateyr; corresponds to measurement wavelengths 786 and 830 nm, respeatieely

( ex) = 254000 cm?/M [105], =0.016 for ICG in water [114].

The contrast image slices for all of the four parameters are displayed wafitim the pro les
depicting the contrast along the pink lines crossing peak contrast reglomtes are plotted with

standard deviations calculated from upper and lower pixels adjacent pinth&aces.
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5.3.2 FDOT measurement protocols

Figure 3.1 in Section 3.2 illustrates the clinical instrument utilized to obtain both iftramsd

uorescent DOT images. For the uorescence measurements, lightGahi#8is injected into the
medium and the uorescence emission is detected with lter-coupled CCD eaawedescribed
in Section 3.2. The lIters' spectra and the ICG absorption-emission wavilerage shown in
Figure 5.4. Notch Iter (blue line) blocks the light at 785 nm (OD = 6) and thadpass Iter (red

shading, OD = 4) passes the light in the 83 nm wavelength range.

1+ /\
Y

0.5
(au) Excitation

Emission

700 720 740 760 780 800 820 840 860 nm

Figure 5.4: Excitation and emission spectra of whole blood containing 0.05 mgatdrde ICG
[60] are shown together with the 785 nm notch Iter (blue line) and 830 red ghading, FWHM
=10 nm) bandpass lter.

5.3.3 Phantom measurement protocol

The clinical system has already been extensively tested for absorpticstattering contrast with
tissue phantoms [32]. In the present work we report on charactenzatisystem capability for
uorescence measurements using tissue phantoms.

Figure 5.5(a) shows an illustration of the cylindrical tissue phantom with 1.¢6eogth and
diameter, and a wall thickness of 0.05 cm. The phantom is placed at a disfa®icen away from
the source plate (y = 3 cm) and is immersed in a matching uid o= 0:04cm *and =18

cm 1. The phantom was lled with the same matching uid via the tubes (Fig. 5.5(a)),then
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t (min) | Measurement Type

0 Baseline Absorption Scan (Phantom with
T X / Matching Fluid Only) at 786 nm. CCD Expa-
" sure time is 300 msec per source position.
cm
- (1:m6 =~ 1 Absorption Scan (Phantom with Matching
Fluid + ICG) at 786 nm. CCD Exposure time
- 18.5 cm > is 300 msec per source position.
(@) 2-14 Fluorescence Scan (Phantom with Matching

Fluid + ICG). Excitation at 786 nm. Spectrally
Filtered detection. CCD Exposure time is 15
Sec per source position.

(b)

Figure 5.5: (a) lllustration of the phantom (CCD view). The tube endsttaelaed to a pump (not
shown) in order to titrate the phantom with different ICG concentrations Tifhe-table for the
phantom measurement protocol.

a full scan at 786 nm was performed in order to assess phantom bassdiomption and scattering
properties. The CCD camera exposure time was set to 300 msec for thesereneents. The
phantom was then lled with an ICG/matching- uid mixture and another full sea@86 nm was
made at 300 msec exposure to evaluate the absorption due to ICG. Finailg, scdn was made
to obtain the phantom uorescence signal; for this scan the spectral antthandpass Iters were
attached to the CCD camera, and the exposure time was set to 15 secsstépeseere repeated

for three ICG concentrations: 0.1, 1, 1M.

5.3.4 Invivo measurement protocol

This prospective study was approved by the local Institutional Reviesrdolnformed consent
form was obtained from each patient prior to imaging.
The measurements were made in three stages as outlined in the Time-table in Fgjrs5,.6

the intrinsic optical and physiological properties of the breast tissue elagned from a full scan
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t (min) | Measurement Type

0 Breast Endogenous Measurement. 4 Wavelengths. CCD Exposure tifenssec.

12 Breast ICG Pharmocokinetics Measurement. 786 nm - Spectral Filte. EX@osure
time is 15 sec.

13 Inject ICG.

18 Breast ICG Tomographic Scan. 786 nm - Spectral Filters. CCD Expdsue is 15 sec

30 Baseline Absorption Scan (Matching Fluid Only). 4 Wavelengths. CCD &xgotime
is 500 msec.

Figure 5.6: Time-table for thim vivo measurements.

using 4 wavelengths and 45 sources positions. These measurementsmaireted with the CCD

camera exposure time set to 500 msec [28].

The second stage involved uorescence measurements. To this encettieabpandpass and
notch lters were placed in front of the CCD camera (see Section 3.2){f@damera exposure
time was setto 15 sec. For the uorescence measurements it was onlgaugcesuse one excita-
tion wavelength, 786 nm. A monitoring scan using a single source positionomasicted initially
(i.e. rst step of second stage) in order to derive ICG pharmacokineficbolus of sterile ICG
(0.125 mg/kg, Akorn, Inc.) was given for 30 seconds, followed by remad saline ush of 20 cc,
also given for 30 seconds. The injection commenced 45 seconds afsathef the monitoring
scan. After 24 frames (i.e. 6 minutes) of the monitoring scan, the full tombgraporescence
scan was initiated. The ICG washout kinetics derived from the initial mongsaan were used
to correct for the decreasing uorescence signal in the subsedqorrtgraphic scan [90]. The
rationale for this timing protocol is based on the concept that ICG will accuminahe tumor

due to the highly permeable tumor neo-vasculature, and that tumor ICGrtaataans will remain
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elevated relative to those of normal breast tissue during the vasculaouwgshase.

In the nal stage, spectral Iters were removed, and a baseline tranemissan of matching
uid was conducted with the same source-detector plate separation as iattbetpneasurement.
Baseline tomographic scans at 4 wavelengths with CCD camera exposurestifoe 00 msecs

served as reference data in the endogenous chromophore andrsgaiieameter reconstruction.

5.3.5 Data preprocessing

For each CCD camera exposure time, dark frames were recorded hindcsed from the suc-
ceeding intensity measurements. Transmission and uorescence measis@amee then digitally
Itered with median (2 2 pixels) and Gaussian (window size = 325 6 pixels) lters, respec-
tively. Data binned from ltered image frames correspond to measuremed@galetection points

covering an area of 15.6 9.0 cm.

The raw intensity plots shown in the Results section are image frames pregpedcas de-
scribed above. The teroountsin those displays denotes digitized intensity recorded by the 16-bit

CCD camera.

5.3.6 Fluorescence transillumination

In order to generate a quick but incomplete representation of uoresceata, we also construct
two-dimensional uorescenceansilluminationimages [28]. The uorescence transillumination
image is de ned in terms of uorescence and excitation uence rate datalkmss:
|
PN

s fl . )
T(ry)= log P-S m(rs;ra)
s renx(rs;rd)

(5.14)



HereNs refers to the number of sources used in the scan. Note ffféts; rq) and n (rs;rq) are
obtained in the rst and second (full FDOT scan) stages ofithévo measurement, respectively.
High contrast regions in a uorescence transillumination image indicate eedd@G uptake and
uorescence. Transillumination images are particularly useful for ideati@n of surface features

that have the potential to generate DOT image artifacts.

5.4 Results

5.4.1 Phantom uorescence - raw data

We rst display raw uorescence data in order to demonstrate that lightdge is negligible. For
the case of the tissue phantom we expect the uorescence signal toeeemgiggly from the small,

cylindrical ICG phantom.

(a) Transmission b) Fluorescence
30000

20000

]
10000

Counts

18.5cm
Figure 5.7: Outline of the phantom is drawn in pink color and white maykliows the projection
of the 439 source location onto the detector plane. The phantom s ICG concentration. (a)

Transmission intensity at the excitation wavelength is centered at the smsitieq (b) Fluores-
cence signal originates within the object.

Figure 5.7 shows excitation light transmission and transmitted uorescencsiityteata from
a phantom. The data were recorded with the CCD camera while the light am78@a illumi-
nating the medium from the &8 source position. The projection of the source position on the
detector plane is marked with aand the target outline is drawn in pink. Notice that the excitation

signal peaks very near the source position. By contrast, the uanescg#gnal appears to originate
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within the phantom obiject (i.e. the object withM ICG concentration).

5.4.2 Phantom uorescence - full 3D reconstruction

In Fig. 5.8, image slices from the source plane to detector plane are diérove 3D recon-
structions of uorescence (Fig. 5.8(a)) and absorption (Fig. 5.8fbjhe phantom with [ICG]
=1 M. The uorophore concentrations indicated by the color-bar of Fig(d.&ere calibrated
by titration [98]. Fluorescence and absorption results are in good ragreéewith respect to the
phantom location. The full width at half maximum (FWHM) of the recovered iesa@ cm) also

approximates the size of the object (1.6 cm) reasonably well.

5
l

lfcm
y = Oc—m) y=2.8cm (a) y=6.3cm hM

Figure 5.8: Image slices from 3D reconstructions of the phantom's IC@&esdration (a) and
absorption at 786nm (b). Object location and size correlate well with batihescence and ab-
sorption images.

5.4.3 Invivo uorescence - raw data

Similar excitation and uorescence intensity images iforvivo data are displayed in Fig. 5.9
for two different source positions: The "¥3source in contact with tissue, and thé®6ource in
contact with the matching uid. The red outline of the breast is drawn baseithe photograph

taken with the CCD camera. Fluorescence signal is observed to origingtéram within the
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breast tissue.

10000

400
5000 200
0 0
Counts Counts
Transmission
18.5cm
15000
40
' 10000 30
* 20
5000
10
(b) Counts (d) Counts

Figure 5.9: The different origin of excitation transmission and uoreseesignals are demon-
strated with data acquired from a patient (case 2). The breast outlinavis dvith red, and the
white mark () shows the projection of the excitation source location onto the detector. plane
Transmitted excitation light appears to come from the source position as shdanand (b) for
source 23 and 36, respectively. The uorescence signal, on the bémal, is clearly contained
inside the breast boundary, as demonstrated for sources 23 andc3@urd((d), respectively.

In Fig. 5.10 and 5.11 we present uorescence data at different timesuwira patient scan
(case 2) in order to demonstrate that: (1) The detected uorescencd Egnimarily due to ICG
in the breast region, and (2) excitation light leakage is negligible. Figui@ shibws a plot of
intensity averaged over an area of 1QL0 pixels located around the peak uorescence signal as a
function of time. This data is obtained from images acquired with 15 secorasesptime while
excitation light illuminates the medium from the"15ource position (marked with a whitein
Fig. 5.11). The green line is a simple exponential t (exp}) to the peak uorescence signal
acquired between the time interval t = 3 and t = 10.2 minutes. The so-deterdeénay rates fall
in the range reported in the literature (i.e. 0.17 - 0.21 M)§61]. The full uorescence scan starts

att = 6.6 min with the ¥ source, and at t = 10.2 min the uorescence signal is recorded from the
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Fluorescence Monitor (15th Source)
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Figure 5.10: Fluorescence intensity (blue line) versus time, obtained frogesrecquired while
excitation light at 786nm illuminates the medium from thé"18ource position. The green line
shows the exponential tto the uorescence peak intensity values aedjafter the '8 minute.
The full uorescence scan startsatt=6.6 minand att=10.2 min, uomsemtensity is recorded
with the 18" source. This data point serves as a reference to correct the faltata.

18.5¢cm

- e
1000
0

(@t=0 min), No ICG Injection ° (b) t = 2(min), ICG Injection Peak (c) t=10.2 (min), in Full Scan  Counts

Figure 5.11: Images acquired at different time points in a patient scam 23aghile the excitation
light at 786 nm illuminated the tissue from™®5source position (marked with a whitd. (a) At

t = 0, before ICG injection, the detected intensity is essentially the system nbijse= 2 min,
uorescence signal reaches its peak. (c) At later times the signal aseseas the ICG clears out
of the tissue.
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15" source. This data point serves as a reference to correct the full taptig scan data for ICG
washout.

Figure 5.11 exhibits the uorescence intensity images from selected time pgirnts: 0, be-
fore the ICG injection starts, the detected intensity represents the systemauri¢Fig. 5.11(a)).
During the 29 minute, when the ICG uorescence reaches its peak, up to 3000 uen¢$2CD
counts are detected (Fig. 5.11(b)). This count total drops to 700 a€@eviashes out from the

breastatt =10.2 (min) as shown in Fig. 5.11(c).

5.4.4 In vivo uorescence 3D reconstruction

In this section we exhibit 3D DOT contrast images of THC, §t(786nm), and ICG concentra-
tion (FDOT), 2D uorescence transillumination, and gadolinium (Gd) eckdrVIR images of the
three breast cancer patients. As discussed in reference [90] ba&hd3d@G can differentiate can-
cer based on tumor hypervascularization albeit with different mechanid@$.and MR studies
were conducted separately with different compression schemes: axidlbagittally respectively.
Here we only display sagittal views of MR images in order to show the axiahdey the tumor

regions.

5441 Casel

A 46-year-old pre-menopausal female diagnosed with invasive dwrtzihoma in her right breast
by ne needle aspiration was recruited for timevivo uorescence DOT measurement. The palpa-
ble mass was located around 8 o'clock and was measured to be 2.5 cm in a ndafitgnionaging
study (i.e. ultrasound, mammogram, MRI, and PET). Her breasts were admiirgtly fat with

average Jof 5 2cm 1. Note that the averages include the tumor region as well. The radiology
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report, Fig. 5.12(a), shows the approximate location of tumor in frontal. Rathologic analysis

found the tumor to be highly invasive with Bloom-Richardson (BR) grade of 9

12 O'Flock MRI Sagittal Slice
NS T
T—-ﬁ L —
| 20
' |
9 o'clock/. e — - @ \Y3 o'clock cm
!
W\ !
6 o'clock I 20 cm—3
(a) (b)

Fluorescence Transillumination (axial)
5
cm

v

4—— 19¢cm —m8™p
Medial (c) Lateral

Figure 5.12: (@) lllustration of the tumor location for Case 1. (b) Accordmthe gadolinium
enhanced sagittal MR image slice the tumor is located around y = 5 cm position DQfe
con guration. (c) Fluorescence transillumination image obtained from paiiase 1).

MRI sagittal slice from the right outer quadrant containing the tumor is showig. 5.12(b).
The tumor exhibits higher intensity in the DCE-MRI image compared to the sutnogitissue,
due to increased tumor vascularity and gadolinium uptake. In this slice, the tsilnoated in the

lower quadrant that corresponds to a plane near the detectors (i.eny)drbthe DOT images.

Figure 5.12(c) displays the diffuse uorescence transillumination imagee M@t our CCD
view is caudal-cranial (from foot to head), so the right and left sideigf 5.12(c) correspond to
lateral and medial sides, respectively, for the right breast. Clearlyadized uorescence uptake

is observed from the transillumination image at the lateral side where the tumqrdsted to be
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DOT Slicesaty =5 cm
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Figure 5.13: Patient Case 1: Total hemoglobin concentration, blood mxsagaration, 2 (786nm)
and uorescence image slices aty =5 cm are displayed (a) with their valaeg a horizontal line
passing through the center of tumor (b).

Figure 5.14: Iso-surface plot of THC2(786nm) and uorescence at iso-values of three stan-
dard deviations above their respective means correspond to tumor locatibme designates the
border of the breast modeled as an ellipsoid using the breast photo tdkehevCCD camera.

94



found. The enhancement seen towards the upper medial part is yrolo@tto veins close to sur-
face of the breast tissue, and itis in fact localized towards the detectioa ipl8D reconstructions
(Fig. not shown).

Figure 5.13(a) shows a selected slice (y = 5cm) from the full 3D FDOT & D€gbnstructions
wherein most of the parameters exhibit large contrast. This slice is neaethetar plane (y = 6
cm). In a volume that is con rmed to be the tumor region by the Gd uptake anclogg report,
the reconstructed THC,2 and ICG concentrations are higher and St©somewhat lower than
the surrounding tissue. Furthermore from the pro le plot in Fig. 5.13{l8observe that? and
ICG concentration exhibit up to four- and 5.5-fold contrast, respdygtiwdereas THC contrast is
only 1.3 and and St©does not show any signi cant contrast.

Figure 5.14 shows 3D iso-surface images of THEand ICG concentration contrast with iso-
values set to three standard deviations above their means. The iscesufahe three contrasts
overlay one another quite well, and the volumetric differences may be deeltissue physiology

variation.

5.4.4.2 Case?2

This 54-year-old pre-menopausal female was diagnosed with an ievéisotal carcinoma in her
right breast by ultrasound-guided core biopsy (19 days prior to D@ tumor was located as
an irregular lobulated hypoechoic mass of size 1.3 1 cm in the right areolar region. Figure
5.15(a) shows the approximate location of tumor in frontal view. Tumor BRegveas 5 according
to lumpectomy.

Sagittal MR image slice in Fig. 5.15(b) displays the highest Gd uptake in the tuegmmr

that would correspond to y = 4 cm axial slice in the DOT con guration. Taggnt's breasts were
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Figure 5.15: (a) lllustration of the tumor location for Case 2. (b) Sagittal $lma gadolinium
enhanced MR image shows a bright spot below the nipple area cortbsgda the y = 4 cm axial
slice in the DOT con guration. (c) Fluorescence transillumination pictureinbthfrom patient
(case 2).
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Figure 5.16: Patient Case 2: Total hemoglobin concentration, blood nsagaration, 9(786nm)
and uorescence image slices aty =4 cm are displayed (a) with their valoeg a horizontal line
passing through the center of tumor location (b).
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heterogeneously dense and the MRI shows Gd uptake at the tumor (sligidlytiean the nipple)
but also diffused enhancements scattered over glandular tissue.gavéravas found to be 7

1 cm 1. The uorescence transillumination image in Fig. 5.15(c) shows ICG uptakehiited
throughout the whole breast.

After the 3D reconstructions were carried out, contrast from the turg@mevas more evident.
Figure 5.16(a) shows the DOT contrast image slices aty = 4 cm (detectwr glay = 6 cm) and
the corresponding pro les are plotted in Fig. 5.16(b). The tumor has aerase in THC and?
contrasts of 25% and 50% respectively, and it is slightly deoxygenatedledttease of 9% in StO
The ICG concentration provides the highest contrast of 3.5-fold. datigly the ICG contrast is
more localized than THC and, potentially indicating differences between hypervascularized and

leaky regions.

5443 Case3

The last patient case examined a 52-year-old post-menopausal femghestd with invasive
carcinoma in her left breast by ultrasound guided core biopsy (29luzfpse DOT). A tumor of
size 1.5 cm was located to be approximately at 8 o'clock retro-areolar position by a multi-
imaging modality study (i.e. ultrasound, mammogram, MRI, and PET). Figured.&fows the
approximate location of tumor in frontal view.

The sagittal MR image slice in Fig. 5.17(b) shows a localized high Gd-enheemddn the
tumor region slightly below the nipple, close to the DOT detection plane. As in Zdkes patient
has heterogeneously dense breasts, and diffuse mild Gd-enhanceoatigied over the glandular
tissue are observed in Fig. 5.17(b). Averadavas found to be 9 2 cm . In accordance with

the MR image, the uorescence transillumination image in Fig. 5.17(c) displa@s lGrescence
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Figure 5.17: (@) lllustration of the tumor location for Case 3. (b) Accordinthe gadolinium
enhanced sagittal MR image slice the tumor is located around y = 5 cm position DQfe
con guration. (c) Fluorescence transillumination picture obtained frotiepa(case 3).
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Figure 5.18: Patient Case 3: Total hemoglobin concentration, blood msagaration, J(786nm)
and uorescence image slices aty =5 cm are displayed (a) with their valorg a horizontal line
passing through the center of tumor location (b).

98



distributed throughout the whole breast.

Optical contrast tomographic image slices are shown in Fig. 5.18(a) at tbeyrrslice where
the parameters exhibit high contrast. The image slice corresponds to dicthaaletector plane
(y =7 cm). THC and 2 depict contrasts of up to 1.3 and 1.5 whereas,Si@s contrast of -0.1.
ICG concentration has the highest contrast of up to 4-fold. As cleady BeFig. 5.18(b) there
is a difference in the locations of the contrasts volumes of the four paranéf€s concentration
and StQ contrasts are observed to be locatetl cm away from THC and ¢ peaks which may

again indicate differences in ICG uptake between hypervascularizele@aky regions.

5.5 Discussion and Summary

Optical imaging of biomarkers in tissue is a signi cant tool for enhancingeadetection speci-
city and sensitivity. In this thesis we have reported a feasibility study, imagingorescent
contrast agent in 3D. We clearly resolve breast caiceivo. Three patient case studies were
carried out, and concurrent endogenous and exogenous imageshtained with existing DOT

instrumentation.

The uorescence imaging capabilities of our apparatus were evaluatedusitbr mimicking
phantom experiments. Raw data images clearly showed that the signal @és LG uores-
cence. 3D images were reconstructed using algorithms commonly employedTinAb@ntom
scattering/absorption images as well as patient endogenous contrass wergeobtained via a
non-linear conjugate gradient optimization routine suited to the multi-spectral theBor uo-

rescence image reconstruction, on the other hand, we have essentiadwtiizheme formulated
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rst by O'Leary et al.[94] for uorescence lifetime imaging and developed further by Ntziachris
toset al. [88]. This approach incorporates normalization of the uorescence witftagion in-
tensity measurements. A similar approach was also used by Patwaetihhri98]. However,

in the present work the excitation intensity was measured before ICG injeatidnuence rates
in Equation 5.11 were calculated numerically based on the tomographicallyrite¢el hetero-
geneous absorption and scattering properties of the medium. Our phantyescence and ab-
sorption reconstruction results suffer from the typical blurring precke to the ill-posed nature
of DOT, however the FWHM of the recovered images agree well with oevipus reports [32]

wherein the same phantom was used for instrument characterization.

Several other FDOT schemes have been proposed. Klose and Hig¢l&ghd#emonstrated u-
orescence tomography based on radiative transport equation in 2D simsld heir algorithm is
promising for uorescence tomography in small geometries or in media with Higbration co-
ef cients. Eppsteiret al. describe a 3D reconstruction algorithm [45] suited for a gain modulated
intensi ed CCD setup. In this case background optical properties aegraal from frequency do-
main measurements and uorophore (ICG) concentration is reconstrusireglaiBayesian frame-
work. The in-depth analysis presented therein incorporates measuremerand dynamic update

of parameter uncertainty estimates that would potentially improve our results.

The present work reported endogenous contrasts along with thepbiore concentration con-
trast for three patients. In all three cases the tumor region exhibited $ssré@a THC, ICG and

9 and a slight decrease in StOTHC, StQ and { contrasts of the tumor were in the 1.25 -
1.3, 0- 0.1, and 1.5 - 4 ranges, respectively. The rise in THC is consisiinangiogenesis

accompanying the tumor growth. The high oxygen demand of cancer cell$ bagixpected to
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cause lower St@ The increase in scattering contrast can be attributed to an increaseenten
tion of organelles such as mitochondria due to the high metabolism in tumor celisjdht also
arise (at least partially) from absorption/scattering image cross-talkti@peonstraints reduce the
cross-talk associated with CW data when optimum source wavelengthsesrasisemonstrated
in Chapter 4. The measurement wavelengths utilized in this study, howsy@Qtequite optimum
for separating absorption and scattering. Nevertheless our simulatign(results not published)
has found the cross-talk to be around 30%. Therefore we believedttersizg contrast is mostly
physiological, in agreement with several other researchers who bawel 20% to 30% tumor
scattering contrast using time-domain data [38, 53]. Overall the intrinsicagintrsults presented

herein agree with our previous ndings [27,28].

ICG contrast at the tumor location was visible in the uorescence transillumimatiage for
Case 1, but similar transillumination images for Cases 2 and 3 did not exhileétrdisie contrast.
In general transillumination is an insuf cient radiological tool; it cannopa@te the effects of
light absorption and scattering within the tissue [27]. However, 3D FDOT @magonstructions
based on the photon diffusion Equation provided ICG contrast imagssstemnt with the radiology
reports for all three cases. ICG concentration contrast ranged &e®vB- and 5.5-fold, possibly

due to the leaky tumor vasculature.

ICG contrast in the tumor region was 3 to 4 fold higher than the THC contnaisR @0 3 fold
higher than the scattering contrast. ICG binds to blood proteins, and in sieeot€deaky tumor
vasculature, ICG can aggregate in the tumor region while the ICG in normag tissvashed out.
Therefore, timing in the ICG uorescence measurement plays an impoghmnirr affecting con-
trast, and full tomographic scans carried out during the tail of ICG tenhgeray curve facilitate

enhanced detection of a uorescence signal that originates mostly fretator region. Thus the
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uorescence contrast of the tumors is boosted.

FDOT studies for small animal imaging were applied by Graated. [52], and by Patwardhan
et al. [98] in a similar parallel-plane source and lens coupled CCD camera systeaveset
al. were able to reconstruct 3D image of a uorescent probe within a mouse twittorsub-
millimeter resolution. Patwardhaat al. studied the spatio-temporal evolution of the uorophore
distributionin vivo. Both studies are consistent with our work, showing preferential uptites
target uorescent probe in the tumor relative to normal tissue.

The purpose of this study was to investigate the feasibilitinafivo diffuse optical uores-
cence tomography for human breast cancer. The apparatus utilizegstingebreast DOT instru-
ment with slight modi cations (e.g. by coupling spectral lters). Severaht@cal improvements
can be introduced to further validate the uorescence contrast clinicatlyta achieve dynamic
imaging. A system that records the uorescence and excitation signals simaitaly will provide
better quanti cation and speed. This system can be achieved with a twa@aystem or with
a spectral Iter wheel system coupled to the CCD camera. In a differeint ¥DOT reconstruc-
tion algorithms can be improved to incorporate absorption due to ICG in the matessian (see
Equation 5.12). One way of achieving this is to invert Equation 5.12, itetatiyedating ICG
absorption at each step; another way would be to obtain ICG absorptextlgifrom excitation
signals in a system capable of recording uorescence signals simultslgedu order to accom-
plish dynamic imaging we need faster acquisition. To this end, we have stariedotporate
fast optical switches and gain modulated CCD intensi er units into the cusgstem. The up-
grade will provide frequency domain measurement of both the excitatioruanescence signals
thereby will allow quanti cation of uorophore lifetime and superior rectmstion of absorption

and scattering coef cients [48].
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Chapter 6

Summary and Perspective

In this work, | have described multi-spectral and uorescence DOT nustlapplied tan vivo

human breast cancer imaging.

Spectral constraints were introduced in the forward problem sectiati¢8&.2) with analytic
and nite element solutions. Image reconstruction (Section 2.3) was treatad aptimization
problem, where two nonlinear solution methods were described: Nonlir@gug@ate Gradient
(Section 2.3.1) and Gauss-Newton (Section 2.3.2) methods that utilize ds$egond order gra-
dientinformation, respectively. Gauss-Newton with improved searchtiireprovides faster con-
vergence than Nonlinear CG at the expense of computational memoryeneguir (Section 2.3.3).
Regularization is an important part of solving ill-posed inverse problems aa®OT image re-
construction. Section 2.3.4 described Tikhonov regularization apptepdedOT, and provided
details of the choice of regularization parameter with L-curve. An importamiponent of the op-
timization algorithms presented was the line-search routine. Section 2.3.5 otitilnke-search
algorithm and illustrated the concept with possible optimization scenarioslldPammputation

techniques were introduced to minimize the run time and the processor memonf thadmage
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reconstruction (Section 2.3.6.1). Forward solution for a light sourcéi@oss independent of
other sources, hence can be computed in parallel within a computer chastework. Nonlinear
CG method takes advantage of this property to speed objective functiatsamddient computa-
tions (Section 2.3.6.1). Gauss-Newton exploits the same feature to computivelfienction. As
for the search direction computation, Gauss-Newton requires a large maaigion. To this end,
we have developed a parallel scheme for the Jacobian constructiorvanslon (Section 2.3.6.2).
The parallel Gauss-Newton, depending on the number of computer anddgkeir memory, may
be feasable in terms of memory. However, an important concern with thes@®&aygton method
that can shadow its convergence advantage (du@%m@ier gradient info) is the time spent to
build the Jacobian matrix. Especially in experiments with number of detectoegdxg number
of sources, Gauss-Newton requires more forward solutions then ManlibG. The question of
whether this slow feature of Gauss-Newton can be compensated by its edmesrch direction
(therefore faster convergence) has to be determined by computer simsilatid phantom experi-
ments. Even if Gauss-Newton happens to be slower at the end, it will teaatesired objective
values in a fewer iterations (due to better search direction) and this magemmvimage with less
noise ampli cation and less artifacts. In this case the advent of fasteegsocs and memory will

be in favor of Gauss-Newton method.

Chapter 3 provided brief descriptions of the clinical DOT and the broadilspectrometer
instruments. The former one was utilizedimvivo measurements of both endogenous and ex-
ogenous breast cancer measurements, whereas the latter device wed intéizpphantom titration
experiment to demonstrate how CW broadband data can be used to differedpsorption from

scattering of tissue.
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Chapter 4 described how the spectral constraints can help to reducbsthption scatter-
ing cross-talk inherent in CW DOT. Conditions developed to show nonuamiess were revisited
in the multi-spectral framework in order to propose the possibility of unigsemden optimum
wavelengths are used. Two criteria were developed: The rst critasiarinated from the orig-
inal non-uniqueness arguments, and aimed to minimize cross-talk betwemptedrsand scat-
tering (Section 4.3.1). The second criterion was constructed in order tioglissh absorption
chromophores among themselves. Computer simulations con rmed these aitdrshowed that
multi-spectral DOT is superior compared to conventional DOT. Optimum wagtiedistributions
were provided with histograms for various absorption chromophoresamtber of measurement
wavelengths used (Section 4.3.2). A scaling scheme to improve the distinglitgted scattering
prefactor and power was introduced 4.3.3. Alternatively, a method totl§i@atain particle size
distributions and concentrations rather than scattering prefactor or hasdeen proposed by Li
and Jiang [76]. Section 4.4 demonstrated the potential of multi-spectral msttioghantom and

in vivo experiments.

Finally, three-dimensionah vivo DOT images of uorescence, total hemoglobin concentra-
tion, blood oxygen saturation and scattering contrasts in three patients with laaring breasts
were demonstrated (Chapter 5). To our knowledge, this proof of poistedy was the rst pub-
lished report showing it is possible to detect and reconstruct breast tunrescencein vivo in
3D with diffuse optical tomography. Fluorescence DOT image reconstruatgorithm was de-
scribed starting with a two-level system. The results showed that recergiea originates from
the uorophore (ICG) rather than light leakage or auto uoresceridee leaky tumor vasculature
causes ICG to aggregate in the tumor region while the ICG in normal tissue liegvast. Thus,

the timing of the uorescence measurement was chosen at the tail of the iQjidtal decay curve
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to yield higher tumor to normal contrast. DOT and FDOT results for threeeraceses were
reported. The uorescence contrast location was in good agreenitmthe endogenous DOT
parameters, Gd-enhanced MR images, and radiology reports. Furtieetunaor-to-normal tis-
sue contrast based on uorescence was found to be two-to-fouhigleer than contrast based on
hemoglobin and scattering parameters. The large tumor contrast obtaineal vathtargeted ex-
ogenous uorophore (ICG) portends a promising future as moleculamdetad dyes and beacons
become available for clinical use. Integration of fast optical switchesgaiitd modulated CCD
intensi er units into the current system will provide frequency domain mesasant of both the
excitation and uorescence signals thereby will allow quanti cation of ophore lifetime and

superior reconstruction of absorption and scattering coef cients.
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